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ABSTRACT
Objectives The healthy worker survivor effect is a bias
that occurs in occupational studies when less healthy
workers are more likely to reduce their workplace
exposures. When variables on the pathway from health
status to exposure are measured, g-methods can avoid
this bias. However, studies in which follow-up ends at
employment termination have additional potential for
selection bias. This paper examines the structure of the
healthy worker survivor effect, compares results with and
without censoring at employment termination, and
addresses how to prevent bias when such censoring
occurs.
Methods G-estimation of structural accelerated failure
time models was applied in the United Autoworkers—
General Motors cohort study to examine relationships
between metalworking fluid exposure and cause-specific
mortality. Subjects were followed from hire through
1994, regardless of employment status. To answer the
central question, g-estimation analysis was repeated after
truncating at employment termination and censoring
outcomes that occurred thereafter, with adjustment for
censoring by inverse probability weighting.
Results Using full follow-up time, HRs were estimated
for all-cause mortality (1.09), ischaemic heart disease
death (1.19), and death from any cancer (1.09),
comparing 5 years of metalworking fluid exposure to no
exposure. For all three outcomes, the HR estimates
based on data censored at termination of employment
were below 1 (respectively, 0.92, 0.97, 0.79).
Conclusions In this application, g-estimation together
with weighting did not prevent selection bias due to
employment termination. However, the bias might be
avoided in studies with measured health-related
variables on the pathway from health status to
employment termination.

In occupational epidemiology, the healthy worker
effect refers to a well-documented downward bias—
towards the null and sometimes beyond—that
obscures evidence for the harmful effects of a work-
place exposure. It occurs in studies of the health
effects of cumulative exposure because the most
robust workers accumulate more exposure than less
healthy workers or the unemployed. The phenom-
enon has two components: the healthy hire effect,
which only arises when workers are compared with
external populations, and the healthy worker sur-
vivor effect (HWSE), which arises even in internal
comparisons. The HWSE occurs when workers
reduce their workplace exposures for health-related
reasons, whether or not exposure affects health.

This bias can occur whether or not follow-up
extends beyond employment termination.1 2

Conventional methods for adjusting for HWSE
include restricting analysis to active workers who
survive at least 15 years after hire,3 lagging the
exposure4 or adjusting for current employment
status.5 Steenland et al’s6 simulation examined
several scenarios in which the HWSE was present
and showed that conventional methods to remove
this bias were unsuccessful if exposure increased
the probability of leaving work or of becoming ill
—that is, when a time-varying confounder (leaving
work or health status) was affected by prior expos-
ure for some individuals. Arrighi and
Hertz-Picciotto7 used simulated data to illustrate (i)
the failure of conventional methods to remove bias
due to HWSE and (ii) the success of ‘g-methods’
proposed by Robins.8–12

Robins8–12 developed g-methods specifically to
eliminate HWSE and other biases caused by a time-
varying confounder that is itself affected by prior
exposure. One such method is g-estimation of
structural accelerated failure time models. This
method’s first occupational application was pub-
lished in 2012 by Chevrier et al,13 who examined
workplace exposure to straight metalworking fluids
in the United Autoworkers—General Motors (UAW

What this paper adds

▸ Previous studies have shown that when
variables on the pathway from health status to
exposure are measured and follow-up extends
past termination of employment, g-methods
can avoid the Healthy Worker Survivor Effect.

▸ However, in many occupational studies,
follow-up ends at termination of employment,
necessitating additional adjustment.

▸ This pedagogical paper illustrates the problem
by comparing results from the same cohort
under two scenarios: one based on data with
complete follow-up and another with follow-up
that ends at employment termination.

▸ Even using g-methods, additional assumptions
and measurements of more variables may be
needed to mitigate healthy worker survivor bias
when follow-up ends at termination of
employment.

▸ Causal diagrams shed light on the reasons for
bias and clarify the data needed to avoid such
bias.
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—GM) cohort and compared the results to those obtained from
conventional adjustment methods.

Occupational studies are often based on cohorts of active
workers who are followed until they leave work.14–17 By reana-
lysing the UAW—GM mortality study,13 this pedagogical paper
explores the potential for selection bias when outcome data past
termination of employment are unavailable. Our objective is to
provide a structural framework for understanding the HWSE
that clarifies the prerequisites for using g-methods to avoid bias
when follow-up ends at employment termination.

MATERIALS AND METHODS
Background: structure of the healthy worker survivor effect
As public health researchers, we are concerned with the total
effect of workplace exposure, not simply the effect we can
observe while workers are still employed. The effect measure we
will attempt to estimate (our ‘target parameter’) is an overall
health effect, quantified as the HR comparing a scenario in
which all employees are exposed for 5 years with a scenario in
which no one is ever exposed. Identifiability of this HR depends
on several assumptions,18 two of which are directly relevant to
this study. Most epidemiologists are familiar with conditional
exchangeability: the assumption that there is no unmeasured
confounding. Positivity, or experimental treatment assignment,
refers to the requirement that there be exposed and unexposed
individuals in every non-empty stratum of the covariates.

We first consider conditional exchangeability as it relates to
the HWSE. To elucidate the structure of this bias, we present
directed acyclic graphs (DAGs) to make the relationships
between variables visually explicit. In studies of cancer or
chronic disease, epidemiologists are usually interested in the
effects of cumulative exposure. In these DAGs, cumulative
exposure is decomposed into a series of exposures over time in
order to clarify the structure of the time-varying confounding.
Figure 1A therefore shows a simplified DAG illustrating a time-
varying exposure Et, an outcome D and an unmeasured time-
varying confounder: a health status Ut that, at each time t,
affects the outcome and (indirectly) future exposure. (For sim-
plicity, baseline covariates are suppressed and only two time
points are included after baseline.) In addition, two mechanisms
by which workers might reduce their exposure are present on
pathways from health status to exposure: (i) taking time off
work intermittently (leave of absence Lt=proportion of year t
the individual did not work) and (ii) termination of employment
(work status Wt=1 if the individual was actively employed in
any part of year t, 0 if not). Health status Ut may cause the
outcome D, and affects both Wt and Lt, but for now we assume
that it affects future exposure only through these two pathways.
Meanwhile, both intermittent time off work and work status
influence future exposure, and they are also affected by prior
exposure.

In a DAG, paths that do not include two arrowheads meeting
at a variable (a ‘collider’ on the path) correspond to statistical
association. Controlling for a variable on the path eliminates the
association (‘blocks the path’). If a path does include a collider,
it is ‘blocked’ (does not represent a statistical association).
However, controlling for the collider ‘unblocks the path’ so that
a statistical association is artificially generated. For a detailed
and accessible introduction to DAGs, see Hernán et al19 or
Greenland et al.20

In figure 1A, the paths E1←W0←U0→D and E1←L0←U0→D
(and the corresponding paths one time point later) represent
confounding.19 20 Any occupational study whose assumptions
are represented in this DAG must adjust for both work status

and time off work: controlling for L0 and W0 will adjust for
confounding of the effect of E1 on D, and controlling for L1
and W1 will adjust for confounding of the effect of E2 on D.

Since prior exposure also influences work status and intermit-
tent time off work, Wt and Lt are exactly the type of variables
that rendered conventional adjustment methods inadequate in
the simulation studies mentioned above.6 7 When using conven-
tional methods to estimate the effect of duration of exposure or
of cumulative exposure (E0+E1+E2) on the outcome D, the
required adjustment for these variables will create selection
bias19 (also called collider-stratification bias21). For example, W0

is a collider on the path E0→W0←U0→D because the path
includes two arrowheads colliding at W0; adjusting for W0 or
stratifying by it therefore unblocks the path,19 creating a spuri-
ous association between E0 and D. Thus, our DAG illustrates
that workers at different levels of exposure are neither
exchangeable without stratification on Wt nor conditionally
exchangeable within strata of Wt.

Background: adjusting for the healthy worker survivor
effect
The DAG illustrates that when studying the effect of cumulative
exposure, we must adjust for Wt and Lt, but that adjustment for

Figure 1 (A) Directed acyclic graph representing an occupational
study with exposure E measured at times 0, 1 and 2, an outcome D at
the end of follow-up, and an unmeasured health status variable U
corresponding to the worker’s underlying health at each time. The
causal effect of interest is represented by the dashed arrows from
exposure to outcome. The diagram also includes the measured
variables L and W, representing (respectively) intermittent time off work
and work status (actively employed or not) at each time. Diagram (B)
represents the same study, restricted to actively employed person-time
and outcomes occurring during active employment. The box around W
at each time indicates the condition on active employment.
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Wt and Lt without bias is impossible using conventional statis-
tical analyses. This conclusion is supported by the simulation
studies6 7 and by Chevrier et al’s comparison of results using
conventional methods and g-estimation.13 Robins developed
g-methods with occupational applications in mind;8 they are
necessary (but may not be sufficient) for proper adjustment for
HWSE.1 8 18 20

We now consider how the positivity assumption limits the
available methods to adjust for HWSE. The g-method that has
been most widely adopted is inverse probability of treatment-
weighted marginal structural models. Unfortunately, this
method is prone to bias when the positivity assumption is vio-
lated, as it is in occupational studies if follow-up continues past
termination of employment, when exposure cannot occur. Our
target parameter refers to the entire follow-up, not just actively
employed time, so inverse probability of treatment weighting is
not appropriate for this application. G-estimation of a structural
accelerated failure time model does not depend on the positivity
assumption, though it does require extrapolation based on the
model. We therefore apply this method and assume that the
effect of exposure in the people who have already terminated
employment would be the same as in the actively employed.

G-estimation of a structural accelerated failure time model
has already been described in detail.13 22 Briefly, the method
requires two models: (i) a structural model for the counterfac-
tual survival time if never exposed, which is a function of
observed survival time, observed exposures and an unknown
coefficient to be estimated and (ii) a model predicting exposure
at each time. The exposure prediction model is where confoun-
der adjustment takes place; all measured covariates are included
in this model. By predicting exposure at each time on the basis
of only the prior values of covariates rather than modelling the
outcome conditional on exposure and covariate history, g-
estimation disentangles the time-varying confounder relation-
ships, avoiding the collider-stratification bias described above.

Under the (conditional exchangeability) assumption of no
unmeasured confounders, the survival time if never exposed is
statistically independent of observed exposure, within strata of
the measured confounders. G-estimation refers to using opti-
misation methods to estimate the value of the unknown coeffi-
cient in the structural model (i) that achieves this statistical
independence. Understanding the mechanics of the method is
not required to follow the main points of this paper; interested
readers should see Hernán et al22 and Chevrier et al13 for more
details on the method and its application, including how to
convert the estimated coefficient to a HR.

Under the assumptions of figure 1A, the target parameter (a
HR comparing scenarios where the entire population is either
exposed for 5 years or never exposed) can be estimated from
the full follow-up dataset.18 The previous application of g-
estimation to the UAW—GM cohort examined the relationships
of 5 years of exposure to straight metalworking fluids with the
time to death from several different causes.13 Censoring by
competing risks or loss to follow-up was handled by inverse
probability weighting. We assume that the DAG of figure 1A
applies to this study.

The present paper expands on this work by examining the
impact of restricting the analysis to actively employed person-
time, yielding the dataset we would have obtained if the
outcome data had been available only for active workers.
Figure 1B, depicting the restricted dataset, is identical to figure
1A except for the boxes around W0 and W1, which represent
conditioning on work status. Note that because restricting to
actively employed person-time is the same as conditioning on

employment status, the DAG includes unblocked non-causal
paths from the exposure to the outcome through the
colliders we have conditioned on: E0→W0←U0→D and
E1→W1←U1→D.19 20 In other words, we have induced collider-
stratification bias by observing outcomes only when workers are
still actively employed. Exposure and outcome will be associated
in the dataset restricted to active employment even under the
null hypothesis of no effect of exposure on outcome.

Because work status is constant over the observations included
in the analysis of the restricted dataset, it represents a source of
selection bias rather than a confounder.19 Therefore, additional
measures are required to adjust for work status as a censoring
variable. In order to demonstrate that this restriction to active
employment time precludes correct estimation of our target par-
ameter in this cohort, results are compared with those from an
analysis of the full follow-up dataset. We use the results from
the full follow-up dataset as a proxy for the ‘truth’.

Since our target parameter refers to the whole UAW—GM
population, including those who are no longer actively
employed, we would like to interpret our estimate from the
restricted dataset as applying to that whole population (ie, we
wish to assume this estimate is equal to that from the full
follow-up dataset). Either of two possible assumptions would
permit us to do so: (1) overall, workers who terminate employ-
ment have the same risk of the outcome as those who stay at
work, or (2) within strata of the other measured covariates,
workers who do and do not terminate employment have the
same risk of the outcome. However, DAG 1B contradicts both
of these assumptions: there is a path from employment status
Wt to D via the common cause U, which cannot be blocked
because U is not measured. The best we can do is to make the
second assumption, which is weaker but which requires a differ-
ent DAG (figure 2), in which an additional time-varying variable
Ht (eg, a health-related factor such as angina) is measured on
the pathway from Ut to Wt.

We analysed data from the UAW—GM cohort to evaluate
potential bias due to truncation at termination of employment
in a study of the effects of metalworking fluids on all-cause and

Figure 2 Directed acyclic graph representing an occupational study
that includes additional measured covariates H allowing correct
adjustment for censoring.
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cause-specific mortality. The cohort consists of workers at three
GM plants in Michigan, USA who were hired between 1938
and 1982 and who worked for at least 3 years. Mortality
follow-up continued until the end of 1994 regardless of
employment status. Exposure to metalworking fluids and time
off work were determined by combining employment records
with a job-exposure matrix developed in an extensive exposure
assessment.23

We used the same g-estimation approach as Chevrier et al13

except that we truncated person-time at termination of employ-
ment and censored survival times thereafter. Exposure in each
year was binary (coded as 1 if ever exposed in that year, 0 other-
wise). To adjust for confounding, probability of exposure in
each year was predicted in a pooled logistic model including
race, sex, age, age-squared, plant, exposures to metalworking
fluids of three different types (straight, soluble, synthetic) in pre-
vious years and intermittent time off work. Note that the expos-
ure prediction model only included the actively employed
person-time for each individual, since those not at work could
not be exposed. However, in the analysis of the full follow-up
dataset, the structural model included survival time after the ter-
mination of employment. Censoring weights were calculated as
in Hernán et al22 based on probabilities estimated in a pooled
logistic model among the people still at risk and still uncensored
at each time, with the following predictors: race; sex; age at
each time point and age at baseline; plant; both current and pre-
vious exposures to metalworking fluids of all three types; and
intermittent time off work. The results from the weighted ana-
lysis correspond to a hypothetical pseudo-population in which
no one is censored by loss to follow-up (less than 5%) or com-
peting risks.

The present analysis includes 38 672 workers. The dataset
restricted to actively employed person-time includes all indivi-
duals but excludes 36% of the total number of person-years
from the full dataset. Due to loss of power in the restricted
dataset, we considered only the three most common mortality
outcomes from the original analysis: all causes, ischaemic heart
disease and all cancers combined.

We used inverse probability weighting to adjust for censoring
by leaving work, as well as for censoring by competing risks or
loss to follow-up. Assuming (2) and DAG 2, our measured cov-
ariates are sufficient, and this analysis estimates results that
would have been observed in a hypothetical pseudo-population
in which nobody left work or got censored.22 We used stabilised
weights equal to the predicted marginal probability of remaining
uncensored divided by the predicted conditional probability of
remaining uncensored.22 Conditional probabilities of being
uncensored at each time were estimated from pooled logistic
models run on those who were still at risk and uncensored,
using the same exposure and covariate histories used in the ori-
ginal analysis13 as predictors. These are essentially all the covari-
ates available in this dataset; we assume that some of them play
the role of Ht from figure 2 in the analysis. The conditional
probabilities of being uncensored at each time were obtained
from separate models for each type of censoring; the weights
for leaving work and for competing risks and loss to follow-up
were then multiplied together. Weights greater than 20 or less
than 0.05 (<2%) were truncated to those maximum and
minimum values, respectively.

In a sensitivity analysis, we omitted weights for leaving work,
obtaining estimates of the effects among the active employees of
an exposure intervention that allowed workers to terminate
employment as they did in the observed data. This approach,
which requires assumption (1) and a modified DAG 1B without

Ut, instead of assumption (2) and DAG 2, is the censoring
approach implicitly taken in most occupational studies where
follow-up ends at employment termination. Under assumption
(1), g-estimation without any adjustment for censoring by
employment termination yields unbiased results.

CIs were obtained using 200 non-parametric bootstraps. All
analyses were carried out in SAS V.9.3 (SAS Institute Inc, Cary,
North Carolina, USA). The study involved reanalysis of existing
data and was approved by the UC Berkeley Committee for the
Protection of Human Subjects.

RESULTS
The cohort was mostly white (81%) and men (88%); workers
remained at the company an average of 25 years. Table 1 sum-
marises the distributions of baseline variables, the number of
years each employee worked and the number of years exposed
to straight metalworking fluids (among those who were ever
exposed). Table 1 also shows the numbers of exposed and unex-
posed person-years during active employment for each type of
metalworking fluid. Exposure to straight metalworking fluids
occurred in 25% of the actively employed person-years included
in the analysis.

Table 2 compares the two analysis datasets. Deaths of active
employees tended to occur at an earlier age, and considerably
more than half of the outcomes were censored in the restricted
dataset.

The estimated HR for all-cause mortality, comparing the two
exposure scenarios (whole population exposed to straight metal-
working fluids for 5 years vs never exposed to straight metal-
working fluids), was 1.09 (95% CI 1.07 to 1.11) in the full
follow-up dataset, but 0.92 (95% CI 0.83 to 1.06) in the dataset
restricted to active employment time only. HRs for ischaemic

Table 1 Descriptive characteristics and person-years of exposure
to metalworking fluid types during active employment in the United
Autoworkers—General Motors Cohort, Michigan, USA, 1941–1994

N
Per
cent

Race
Black 7144 18.5
White 31 528 81.5

Sex
Male 33 913 87.7
Female 4759 12.3

Plant
1 9248 23.9
2 17 056 44.1
3 12 368 32.0

Age at baseline (mean (SD)) 30.8 (9.1)

Years worked at end of follow-up (mean (SD)) 25.1 (11.1)
Years exposed at end of follow-up (among the
ever-exposed) (mean (SD))

16.1 (9.5)

Straight metalworking fluids (exposure of interest)
Person-years unexposed 465189 74.7
Person-years exposed 157719 25.3

Soluble metalworking fluids
Person-years unexposed 257593 41.4
Person-years exposed 365315 58.6

Synthetic metalworking fluids
Person-years unexposed 521771 83.8
Person-years exposed 101137 16.2
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heart disease mortality and cancer mortality were similarly
shifted downward in the censored dataset. Figure 3 shows these
estimates for each outcome, juxtaposing results from the full
follow-up dataset to those from the dataset restricted to active
employment time only.

In the sensitivity analyses without censoring weights for
employment termination, point estimates for ischaemic heart
disease mortality and cancer mortality were very close to the
corresponding HRs from the weighted analysis, albeit with
wider CIs. For all-cause mortality, the sensitivity analysis
without weights for employment termination yielded a HR esti-
mate that was close to the null with a wide CI.

DISCUSSION
Whereas g-estimation in the full dataset indicated that 5 years of
exposure to straight metalworking fluids was harmful for all
three outcomes, the exposure appeared protective or neutral in
the restricted dataset, with or without adjustment by weights for
employment termination. We now revisit the reasons for these
qualitative differences, pointing out several subtle but relevant
aspects of the analysis.

One of the strengths of g-estimation is its ability to adjust for
time-varying confounders that are affected by prior exposure.
The three analyses of the UAW—GM cohort (full follow-up;
restricted to active employment time with and without weights)
adjusted for two different such variables: intermittent time off
work and work status. In both the full follow-up dataset and the
dataset restricted to actively employed person-time, g-estimation
adjusted for intermittent time off work (Lt) by including it as a
predictor in the model for exposure.

However, work status (Wt) required different handling in the
full follow-up dataset and the dataset restricted to active
employment time. Although g-estimation adjusted for intermit-
tent time off work in both datasets, it adjusted for work status
only in the full follow-up dataset. Recall that in the analysis of
the full dataset, this confounder was not included in the expos-
ure model, since those who were not actively employed could
not be exposed. Instead, the exposure prediction model was
conditional on not having left work previously. That is, even
when analysing the full dataset, g-estimation adjusts for current
work status by including only observations occurring during
active employment. However, survival times are included in the
structural model whether the outcome occurred before or after
employment termination; collider-stratification bias is avoided
by conditioning only on current work status in the exposure
model.

By contrast, when we restricted to actively employed person-
time, the structural model was applied only to those whose
outcome occurred while they were still actively employed,
thereby effectively conditioning on future work status. That is,
being actively employed plays a different role in the two data-
sets. In the full dataset, work status is a time-varying confounder
affected by prior exposure; g-estimation is specifically designed
to adjust correctly for this type of confounding. However, in
the restricted dataset, employment termination is a censoring
variable that occurs after exposure. As our sensitivity analysis
suggested, not adjusting for censoring by employment termin-
ation requires strong assumptions that are unlikely to be met.
We believe, based on figure 1B, that this analysis suffers from
collider-stratification bias because assumption (1) was violated:
the analysis would only be unbiased if U were not a common
cause of employment termination and the outcome.

Since employment termination is a censoring variable, not a
confounder, in the restricted dataset, it requires additional
adjustment using inverse probability weighting. In practice, this
adjustment was unsuccessful: the effect estimates when censor-
ing at employment termination, with or without weights, are all
qualitatively different from the effect estimates in the full
dataset, making exposure appear protective or neutral instead of
harmful. Thus, a form of HWSE persists despite our use of
g-methods, whether or not we attempt to adjust for employ-
ment termination; this probably means that at least one of our
assumptions is not met.

The reason the adjustment did not work is that inverse prob-
ability weighting treats censoring as another ‘exposure’ on
which to intervene. Weighting therefore requires that, like the

Figure 3 HRs comparing the counterfactual hazard if the whole
United Autoworkers—General Motors cohort had been exposed (to
straight metalworking fluids) for 5 years to the counterfactual hazard if
the whole cohort had never been exposed, 1941–1994. HRs and 95%
CIs for three outcomes for the full dataset (Xs with solid confidence
bars) are compared with those for the dataset restricted to the actively
employed person-time (squares with dashed confidence bars).

Table 2 Distribution of demographic variables among
person-years and among cases in the United Autoworkers—General
Motors Cohort, Michigan, USA, 1941–1994, and in the dataset
restricted to actively employed person-time only

Full dataset
Restricted to active
employment

Subjects 38672 38672
Person-years 969998 622908
% Male 89 89
% White 83 80
Age (mean) 45 40

All-cause mortality 9427 1617
% Male 93 96
% White 83 79
Age (mean) 62 49

Ischemic heart disease 2589 462
% Male 95 99
% White 89 89
Age (mean) 64 53

All cancers 2382 321
% Male 91 93
% White 83 79
Age (mean) 63 52

740 Picciotto S, et al. Occup Environ Med 2013;70:736–742. doi:10.1136/oemed-2012-101332

Methodology

 group.bmj.com on November 14, 2013 - Published by oem.bmj.comDownloaded from 

http://oem.bmj.com/
http://oem.bmj.com/
http://group.bmj.com/
http://group.bmj.com/


exposed and the unexposed, the censored and the uncensored
be conditionally exchangeable18 19: there should be no unmeas-
ured ‘confounding’ between censoring and outcome. Within
each stratum of the covariates included in the model predicting
censoring, inverse probability weighting assigns weights to
uncensored people so that they also represent censored people
with the same characteristics. However, the adjustment is only
valid if, within those strata, the censored and the uncensored
have the same risk of experiencing the outcome. Unfortunately,
in our study, those who left work permanently are probably
more likely to be seriously ill than those who stayed at work,
even within strata of our measured covariates. That is, the vari-
ables we measured did not really include Ht in figure 2; figure
1B is the DAG that really represents the cohort. Thus, there is
unmeasured ‘confounding’ between censoring (leaving work)
and the outcome, which cannot be fixed by weighting (or any
method) without measuring additional variables.

The essential problem is that health status is an unmeasured
common cause of employment status and the outcome. Just as
we need measured variables in order to block paths from the
exposure to the outcome via common causes, thereby control-
ling confounding, we also need measured variables to block
paths from censoring to the outcome via common causes so that
we can prevent collider-stratification bias. For example, in figure
2, let Ht represent angina or arrhythmia, which could be
mechanisms by which underlying health status affects the deci-
sion to terminate employment. If these had been measured,
then using them as predictors in the model for leaving work Wt

would have allowed for better censoring adjustment.
The lack of such measured variables violates the assumption

of conditional exchangeability of the censored and the uncen-
sored (ie, the requirement that within strata of measured covari-
ates, those who left work and those who did not have equal risk
of the outcome). Our dataset does not provide other informa-
tion about health status; we cannot block these paths because
Ht is unmeasured. The results in the restricted dataset are there-
fore biased with respect to our target parameter. However,
studies in which follow-up does end at employment termination
may be more likely to measure health-related variables Ht.

14–16

Including Ht in the model predicting termination of employ-
ment for use in the inverse probability of censoring weights
would mitigate the bias that occurred in our analysis.

Although we used the estimates from the full follow-up
dataset as a proxy for the true value of our target parameter,
those estimates may not be completely unbiased. For example,
our assumption that the only two pathways by which health
status might affect future exposure were by way of intermittent
time off work or employment termination may be false. In
reality, employees might reduce their exposure by changing jobs
(without leaving the company or taking time off), or by using
protective equipment. These pathways were assumed not to
occur in our data. We also assumed that (i) there were no other
unmeasured common causes of exposure and outcome or of
loss to follow-up and outcome, (ii) all variables were measured
without error, (iii) we had specified all models correctly, and (iv)
duration of exposure, rather than cumulative exposure or expos-
ure intensity, was the appropriate metric.

This application and the DAGs presented here illustrate the
challenges of analysing occupational cohort data when
follow-up ends at termination of employment. Although this is
an artificial problem in the UAW—GM study, morbidity out-
comes are censored at termination of employment in many
occupational studies. In such cases, successful adjustment may
be possible using inverse probability weighting if appropriate

variables are included in the model for censoring by employ-
ment termination. For example, results from inverse probability
weighted g-estimation using a well-chosen, measured health
variable Ht that affects employment termination would not
suffer from the substantial bias we found in this application.

The HWSE is complex: any mechanism by which workers
reduce their exposures may cause bias in a conventional analysis.
G-estimation, however, eliminates that bias unless the mechan-
ism is also a censoring variable, as employment termination
often is. In that case, g-estimation results will suffer from selec-
tion bias if appropriate health-related variables are not used to
adjust for censoring in the analysis.
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