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ABSTRACT

Objective The healthy worker survivor effect (HWSE)
can affect the validity of occupational studies when data
are analysed incorrectly. HWSE depends on three
underlying conditions: (1) leaving work predicts future
exposure, (2) leaving work is associated with disease
outcome and (3) prior exposure increases probability of
leaving work. If all these conditions are satisfied, then
employment status is a time-varying confounder affected
by prior exposure, and standard regression will produce
bias. We assessed these conditions for cancer outcomes
in a cohort of autoworkers exposed to metalworking
fluids (MWF).

Methods The cohort includes 31 485 workers followed
for cancer incidence from 1985 to 1994. As
occupational exposures to straight, soluble and synthetic
MWFs are necessarily zero after leaving work, condition
(1) is satisfied. Cox models for cancer incidence and for
employment termination were used to assess conditions
(2) and (3), respectively. Employment termination by
select ages was examined to better gauge the presence
of condition (2).

Results The HR for leaving work as a predictor of all
cancers combined and prostate cancer was null, but
elevated for lung and colorectal cancers among men.
Condition (2) was more clearly satisfied for all cancer
outcomes when leaving work occurred by age 50.
Higher exposures to all three MWF types were associated
with increased rates of leaving work (condition (3)), with
the exception of straight MWF among women.
Conclusions We found evidence for the structural
conditions underlying HWSE in a cohort of autoworkers.
G-methods should be applied to reduce HWSE bias in
studies of all cancers presently examined.

INTRODUCTION

The healthy worker survivor effect (HWSE) can
affect the wvalidity of results from occupational
health studies. 2 It has been extensively studied'™®
and we describe it only briefly here. The HWSE
arises due to less healthy workers preferentially
leaving the workforce, resulting in workers who
remain at work (ie, survive) being healthier than
those who have left. A directed acyclic graph
(DAG) is a mathematical tool widely used in epi-
demiology to address problems of causal infer-
ence.” Introduced into epidemiology more than a
decade ago, these graphs explicitly present assump-
tions about the temporal relations between the
exposures, covariates and the outcome, allowing us

What this paper adds

» The healthy worker survivor effect (HWSE) is a
well-known concern for occupational health
studies and can affect the validity of results if
inappropriate methods are used to analyse the
data.

» The presence of the HWSE is dependent on the
study cohort and the outcome of interest being
examined.

» We assessed the potential for bias due to the
HWSE in a longitudinal study of cancer
incidence and metalworking fluid exposure and
found that advanced methods are needed to
address the HWSE and avoid bias in exposure—
response analyses for all cancer outcomes
examined.

» Examination of the three conditions for the
HWSE should precede exposure—response
analyses in other occupational cohort studies to
assess the evidence that it is present.

to identify variables that need to be controlled in
order to estimate results unbiased by confounding.®
In figure 1 we show a DAG depicting the structure
that gives rise to the HWSE. Unobserved under-
lying health status (U in figure 1) may influence
leaving work (employment status at time j) and risk
of the disease of interest. Leaving work may be
affected by prior exposure (exposure at time j-1)
and also directly affects subsequent exposure
(exposure at time j) as occupational exposure will
be zero after leaving work. In studies of cumulative
exposure, employees who leave work accrue less
exposure than their counterparts who remain on
the job, causing bias induced by the HWSE.?

As initially described by Robins, the HWSE
poses a challenge to conventional methods of ana-
lysis because employment termination status is a
time-varying confounder affected by prior expo-
sure.® Employment status is associated with the
disease and predicts future exposure (making it a
confounder of future exposure and disease
outcome) and it is also predicted by past exposure
(making it an intermediate between past exposure
and disease outcome). This poses a dilemma
whereby we need to control for employment status
as a confounder and need to not control for it
since it is on the causal pathway between exposure
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Figure 1 Directed acyclic graph depicting the associations underlying
healthy worker survivor effect.

and disease outcome. Furthermore, adjusting for employment
status would induce collider-stratification bias by opening a con-
founding pathway as past exposure and underlying health status
are parents of employment status.”

The healthy worker survivor effect is sometimes referred to as
healthy worker survivor bias.” If we define the effect as the data
structure described above (depicted in figure 1), however, then
we can distinguish it from the bias. Bias from this source occurs
only if inappropriate analytical methods are applied. When
standard methods (eg, covariate adjustment in Poisson or Cox
proportional hazards regression) are applied where the HWSE
is present, results will likely be biased.> ® More advanced
g-methods, including the g-null test,'® g-estimation of structural
nested models,'! the parametric g-formula® '© and
inverse-probability-weighted marginal structural models,'* have
been developed to control for this type of bias.

To guide our analytical approach in a cohort study of cancer
incidence and metalworking fluids (MWF) exposure, we first
assessed the potential for bias due to the HWSE. We regard evi-
dence that employment status is a time-varying confounder
affected by prior exposure as an indicator of the potential bias.
Thus, the presence of the HWSE depends on satisfying three
underlying conditions:

1. leaving work predicts future exposure;
2. leaving work is associated with disease outcome;
3. prior exposure increases probability of leaving work.

Since occupational exposure is necessarily zero after leaving
work, (1) is inherently satisfied. In this study, we assessed the
presence of conditions (2) and (3), which would indicate that
HWSE threatens the validity of traditional regression results in
epidemiological studies of Michigan autoworkers exposed to
MWE. This assessment of the presence of the HWSE will guide
the choice of methodological approach in future cancer inci-
dence studies.

METHODS

Study population

The United Autoworkers-General Motors (UAW-GM) study is
an occupational cohort study designed in the mid-1980s to
examine cancer mortality and its relation to MWF exposure.
The original cohort includes over 46 000 hourly workers
employed for at least 3 years in one of three automobile manu-
facturing plants in Michigan, USA, and hired before 1 January
1985."% The study population was further restricted to subjects
alive and aged 735 years or younger on 1 January 19835, the year
follow-up of cancer incidence began via the Michigan Cancer
Registry. As almost all subjects have left work by the age of 75,
the age restriction was added as an eligibility criterion and for
administrative censoring to ensure adequate data coverage when
examining employment status. Subjects missing more than half
of their work history information were excluded from the ana-
lyses (3.1%). The final study population comprised 31 485
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autoworkers. Information on date of birth, year of hire, race,
sex and plant were ascertained from workers’ employment
records.

Exposure assessment

MWFs are coolants and lubricants used in industrial machining
and grinding operations and are categorised into three classes
based on composition: straight (oil-based), soluble (oils emulsi-
fied in water) and synthetic (water-soluble chemical lubricants
without oil). Quantitative levels of exposure to each MWF class
were assigned to subjects based on detailed employment records
and a time-varying job-exposure matrix (JEM).'* * The JEM
was created by estimating MWF concentrations as an 8-hour
time-weighted average (mg/m?®) based on 475 full-shift personal
air samples collected in the mid-1980s in major exposure
groups in the three manufacturing plants. A set of multipliers
(scale factors) was developed to adjust MWF concentration for
temporal trends based on 394 historical air sampling measure-
ments, review of historical records and interviews with plant
personnel. Scale factors were updated in 1995 after revisiting
the three plants. The JEM was combined with employment
records to estimate time-weighted annual exposure to each of
straight, soluble and synthetic MWFs (mg/m?>). For each worker,
cumulative exposures to straight, soluble and synthetic MWFs
(mg/m>-years) were estimated by summing over annual expo-
sures during employment.

Case ascertainment

The UAW-GM cancer incidence cohort was linked with the
Michigan Cancer Registry to obtain incident cancer cases diag-
nosed between 1 January 1985 and 31 December 1994.
Michigan cancer data are collected by the Michigan Department
of Community Health as part of the Michigan Cancer
Surveillance Program,'® which participates in the National
Program of Cancer Registries of the Centers for Disease Control
and Prevention.'” The outcomes of interest for this study are
first diagnosis of any (International Classification of Disease for
Oncology Third Edition codes C00.0-C80.9), prostate
(C61.0-C61.9), lung  (C34.0-C34.9) and  colorectal
(C18.0-C18.9, C19.9, C20.9, C21.1-C21.2, C21.8) cancers.
The site-specific cancers were selected based on having at least
100 identified incident cases during the follow-up period. Vital
status was obtained through linkage with the National Death
Index (National Center for Health Statistics, Hyattsville,
Maryland, USA).

Statistical methods

We assessed the presence of two conditions necessary for the
HWSE by estimating HRs using Cox proportional hazards
models to predict cancer incidence and employment termin-
ation, following an approach similar to Naimi et al.'® For all
models, we used age as the time metric. All models were addi-
tionally adjusted for race, plant and calendar year (B-spline with
3 df and equally spaced knots). Separate models were fit for
male and female workers due to temporal differences in hiring
and exposure patterns.

For condition (2), we modelled cancer outcome as a function
of employment termination (=1 if subject left work), which was
treated as a time-varying indicator variable. Follow-up began on
1 January 1985 and ended on either the date of first cancer
diagnosis (any or site specific), date of death, 75th birthday or
31 December 1994 (the last date for which we have employ-
ment data), whichever occurred first. Year of cohort entry
(B-spline with 3 df and equally spaced knots) and duration of
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employment were additionally adjusted for in the models. In
order to gauge whether condition (2) is present, we must block
the backdoor path® leading from termination status through
prior exposure to cancer incidence in figure 1. To accomplish
this, we further adjusted the model for previous exposure using
cumulative exposure accrued up through the prior year. Owing
to cancer latency time, we do not believe exposure in the
current year would affect cancer diagnosis in that same year. As
such, we did not include current exposure in the cancer inci-
dence models. This differs from the methods used by Naimi
et al'® who were examining lung cancer mortality and did
adjust for subsequent exposure.

We also investigated whether an age-specific measure of
leaving work better distinguishes employment termination for
health-related reasons (at younger ages) from normal retirement
(at older ages). Our hypothesis was that leaving work at a
younger age would be a stronger predictor of future cancer risk
than leaving at any age. To explore this hypothesis, we exam-
ined condition (2) based on leaving work by age 50, 55 and 60.
Instead of a single time-varying indicator of employment ter-
mination, a set of two dummy variables was constructed to
capture three levels of employment status: actively employed
workers, subjects who left work by the age cut point and sub-
jects who left work after. This construction allowed the main
model with no age cut point and these age-specific models to
have a common reference group (ie, actively employed
workers).

For assessing condition (3), cumulative MWF exposure was
accrued up through the prior year and parameterised as a cat-
egorical variable with cut points defined based on the exposure
distribution among subjects who had left work. Separate terms
for each MWF class were included simultaneously in all the
models. For these models we additionally adjusted for year of
hire. Follow-up for leaving work began when subjects entered
the cohort (3 years after date of hire) and ended on either the
date of employment termination or 31 December 1994, which-
ever occurred first. We also examined cumulative exposure
lagged by 15 years in our evaluation of condition (3), because
we plan to lag exposure in the ultimate exposure-response
models for cancer incidence. This approach is also consistent
with an earlier proposal for reducing the HWSE by lagging
exposures in order to ignore the more recent exposures most
likely to affect leaving work.

SAS software V.9.4 (SAS Institute, Cary, North Carolina, USA)
was used for all analyses. All research protocols were approved
by the Office for the Protection of Human Subjects at the
University of California at Berkeley.

RESULTS

Characteristics of the 31485 autoworkers included in the
cancer incidence cohort are presented in table 1. These
characteristics are shown according to the two different
follow-up periods: for cancer incidence of any site in the assess-
ment of condition (2) and for leaving work in the assessment of
condition (3). The cohort is predominately white men, but
includes 19% (N=5972) African-American and 13% (N=4228)
female workers. The person-years for both follow-up periods
have similar distributions for most covariates. Workers were
more likely to be exposed to soluble MWEF than either of the
two other fluid types. The exposure level among exposed
workers was highest for soluble, measured as annual and cumu-
lative exposure. Male workers were hired earlier than female
workers (median (IQR): 1966 (1953-1974) vs 1975 (1967-
1977)), at younger ages (23 (19-28) vs 27 (22-34)), and were

Table 1 Demographic and exposure characteristics of 31 485
autoworkers in the United Autoworkers-General Motors incidence
cohort who were alive in 1985, during follow-up for cancer
incidence and follow-up for leaving work (median (IQR), unless
otherwise noted)*

During cancer
follow-upt
(starting in 1985)

During employment
follow-up (starting

Characteristic at date of hire#)

N subjects 31485 31485
Person-years 286 023 504 836
Age 46 (38-58) 38 (31-46)
Sex, n (%)
Male 247 220 (86.4) 447 576 (88.7)
Female 38 803 (13.6) 57 260 (11.3)
Race, n (%)
White 231186 (80.8) 399 730 (79.2)
African-American 54 837 (19.2) 105 106 (20.8)
Year of hire 1968 (1959-1976) 1966 (1953-1973)

Calendar year 1989 (1987-1992)
At work, n (%) 160 242 (56.0) 504 836 (100)
Employment terminations, n - 20 586
Incident cancer cases, n 1739 -
MWEF exposure§
Any straight, n (%)
Straight, mg/m>
Cumulative straight,
mg/m>-years
Any soluble, n (%)
Soluble, mg/m?
Cumulative soluble,
mg/m>-years
Any synthetic, n (%)
Synthetic, mg/m>
Cumulative synthetic,
mg/m>-years

1980 (1970-1986)

24 367 (8.5)
0.09 (0.04-0.25)
0.64 (0.21-2.33)

125 287 (24.8)
0.10 (0.04-0.39)
0.72 (0.22-2.85)

78 148 (27.3)
0.22 (0.13-0.34)
3.77 (1.54-9.54)

214 299 (42.4)
0.37 (0.18-0.87)
4.31 (1.54-11.51)

24 380 (8.5)
0.05 (0.02-0.17)
0.38 (0.15-1.33)

83810 (16.6)
0.04 (0.02-0.17)
0.38 (0.13-1.39)

*All n statistics presented as number of person-years, except for employment
terminations and incident cancer cases which are presented as number of subjects.
tFollow-up for first diagnosis of any cancer site.

#Start of follow-up is date of hire+3 years.

§Annual and cumulative exposure levels reported among those exposed.

employed at the company for more years (19 (11-28) vs 17
(12-20)). Annual and cumulative exposures were higher for
male than female workers for all fluid types, except for annual
synthetic exposure, which was similar between the two groups.
Owing to the differences in work and exposure patterns among
male and female workers, all analyses were stratified by sex.

As seen in table 2, among the 1739 incident cases of a first
cancer diagnosed at any site, female cancer cases were younger
at diagnosis and more likely to be actively employed than male
cancer cases. For women, no site-specific cancer had more than
100 cases and so none were assessed. For men, we focused on
the three most common cancers: prostate, lung and colorectal.
Prostate cancer cases were diagnosed at older ages than the
other site-specific cancers, and survival was worst for lung
cancer with regard to case fatality and survival time. Colorectal
cancer cases were more likely to be diagnosed while actively
employed, whereas prostate cancer cases were least likely to be
actively employed at the time of diagnosis.

The results of the assessment for condition (2) were not
entirely consistent across the five cancer outcomes examined
(figure 2). Based on the main model adjusted for covariates and
past exposure, we found the HR associated with having left
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Table 2 Demographic characteristics of incident cancer cases diagnosed 19851994 among autoworkers in the United Autoworkers-General
Motors incidence cohort who were alive in 1985 (median (IQR), unless otherwise noted)

Male workers
Female workers

All cancers combined

All cancers combined Prostate cancer Lung cancer Colorectal cancer

N 1517 384 340 182 222
Year of birth 1926 (1920-1933) 1923 (1919-1929) 1925 (1920-1932) 1925 (1919-1931) 1928 (1920-1942)
Year entered cohort 1956 (1952-1969) 1956 (1951-1966) 1956 (1952-1967) 1956 (1951-1969) 1970 (1955-1979)

Race, n (%)

White 1178 (77.7) 266 (69.3)

African-American 339 (22.4) 118 (30.7)
Age at diagnosis 65.1 (57.3-70.4) 68.2 (63.1-72)
Deceased, n (%) 1276 (84.1) 286 (74.5)
Survival among deceased, years 1.4 (0.1-6.9) 6.5 (2.6-11.9)
Termination status, n (%)

At work 394 (26) 67 (17.5)

Left work 1123 (74) 317 (82.6)
Age left work 54.9 (36.4-61.8) 57.4 (43.7-62.3)

265 (77.9) 144 (79.1) 179 (80.6)

75 (22.1) 38 (20.9) 43 (19.4)
65.5 (57.5-71.5) 65.5 (59.5-69.8) 62.4 (50.1-70)
336 (98.8) 155 (85.2) 161 (72.5)

0.2 (0-1.1) 2.7 (0.7-10.2) 1.5 (0.3-8.9)

65 (19.1) 39 (21.4) 81 (36.5)
275 (80.9) 143 (78.6) 141 (63.5)

52.4 (36.5-60.7) 57.1 (35.7-62) 49.4 (37.5-58.2)

Figure 2 Condition 2: leaving 359 © All ages _
working and cancer incidence. 3 A <Ages0 T T _
Site-specific cancers examined only ® <A
) 0 <Age 55
among male workers. HRs with 95% 259 9 < Ace 60 _
Cls. All modelled as Cox regression =Age _
with age as time scale and adjusted - LT T
for race, plant, year of cohort entry, T T
: ° A - A
calendar year, duration of employment 2 *
and prior exposure. S 15+ A
p p 5 - \ 4
= - ¢
g 1 v
< v §
= |___]: _ SR ) R ] ) N (S
i " !
0.5
I I I I I
Male all Prostate Lung Colorectal Female all
cancers cancers
combined combined
Cancer Type
work was null for all cancers combined and for prostate cancer, DISCUSSION

slightly elevated for colorectal cancers and elevated with border-
line significance for lung cancer. However, when we considered
the age at having left work, the HRs increased for all outcomes.

Based on magnitude and statistical significance, at least one
category of MWF exposure was associated with leaving work
for all fluid types among men (table 3). Compared with lowest
exposed men, those in the second quartile of cumulative expo-
sure to oil-based straight and soluble MWFs were at a higher
risk for leaving work. In contrast, only those in the highest
exposure category of synthetic MWFs were at a higher risk for
leaving work. Among female workers, MWF exposure was asso-
ciated with leaving work only for the water-based soluble and
synthetic fluid types. Examining condition (3) using exposure
lagged by 15 years did not change the overall conclusion that
MWF exposure is associated with leaving work in male and
female workers (data not shown).

The aim of this study was to assess the potential for bias due to
the HWSE in a longitudinal study of cancer incidence and
MWEF exposure in order to guide our future analytical
approach. The first condition required for the HWSE is present
by definition: (1) leaving work predicts future MWF exposure,
because in this, as in all occupational cohort studies, workers
cannot be occupationally exposed after employment termin-
ation. One caveat is that after terminating work at one of the
three study plants, subjects may have been hired at another auto-
mobile manufacturing plant where MWF were also in use.
Although leaving work is not necessarily an indicator of zero
future exposure, we have assumed that it is. This is a limitation
of the study, as described below.

Evidence of a higher risk of all cancer outcomes was observed
for those who left work by age 50 (condition (2)). Across all
outcomes leaving work by age 50 was a stronger predictor of
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Table 3 Condition 3: cumulative exposure to MWF and leaving work among male and female autoworkers*

Male workers (N=27 257)

Female workers (N=4228)

MWEF exposuret Adjusted HR

MWF exposuret Adjusted HR

(mg/m?3-years) N left work Person-years (95% ClI) (mg/m?>-years) N left work Person-years (95% CI)
Straight Straight
0 7979 206 053.5 Ref 0 1126 304325 Ref
0-0.38482 3374 85 952.0 1.13 (1.08 to 1.18) 0-0.180 452 9333.3 1.02 (0.90 to 1.15)
0.38482-2.058 3375 81198.7 1.05 (1.00 to 1.10) 0.180-0.963 453 10108.7 0.95 (0.84 to 1.09)
>2.058 3374 74 371.5 1.03 (0.98 to 1.07) >0.963 453 7385.3 1.01 (0.89 to 1.15)
Soluble Soluble
0-1.2742 4625 140 658.5 Ref 0-0.11 621 18 314.0 Ref
1.2742-4.658 4526 115 882.0 1.16 (1.11 to 1.21) 0.11-1.522 621 16 836.4 1.06 (0.94 to 1.19)
4.658-14.573 4526 111 218.9 1.01 (0.97 to 1.06) 1.522-4.07 621 12 636.9 1.13 (0.99 to 1.28)
>14.573 4525 79 816.3 1.01 (0.96 to 1.06) >4.07 621 9472.4 0.98 (0.86 to 1.13)
Synthetic Synthetic
0 12 652 314 853.2 Ref 0 1604 39 879.6 Ref
0-0.2555 1816 54 235.8 0.91 (0.86 to 0.97) 0-0.167 293 6945.7 1.15 (0.99 to 1.33)
0.2555-1.464 1817 46 134.1 0.95 (0.89 to 1.01) 0.167-0.81 294 6076.7 1.12 (0.96 to 1.31)
>1.464 1817 32352.7 1.08 (1.02 to 1.15) >0.81 293 4357.8 1.11 (0.96 to 1.29)

*Modelled stratified by sex using Cox models with age as time scale and adjusted for race, plant, calendar year and year of hire. All MWF types were included in the same model.

tUpper bound included in range.
MWF, metalworking fluids.

cancer than leaving work without the age restriction. This
pattern is consistent with our hypothesis that workers who ter-
minate employment prematurely are more likely to have a
higher risk of the disease outcome. Evidence for condition (2)
was stronger for lung and prostate cancer among men, and all
cancers combined among women, than for colorectal and all
cancers combined among men. Although we cannot state for
certain whether this association is due to a causal link between
leaving work and these cancers or by an unmeasured confoun-
der, we believe it is most likely the latter. An unmeasured factor,
such as health status, could lead to increased risk of employ-
ment termination (eg, preferential work termination by less
healthy workers) and cancer. We did observe younger age at
diagnosis among those who left work by age 50 compared with
those who left work after age of 50 for prostate, lung, colorectal
and all cancers combined among men (range 3.8-4.8 years
earlier). For all cancers combined among women, this difference
was only 1.4 years.

We do not have any information on why subjects in this
cohort left work. Ideally, we would separate employee-initiated
termination (more likely to be due to workers’ underlying
health status) from lay-offs or other company-initiated termina-
tions. In the absence of any way to distinguish these, we
assume all employment termination was voluntary and serves as
a proxy for underlying health status. Together with condition
(1), these results suggest that employment status is a time-
varying confounder and researchers should control for it in
their analyses.

We found evidence for the third condition required for the
HSWE among all workers: (3) prior MWF exposure increases
probability of leaving work. In our analyses, exposure to each of
the three types of MWF (straight, soluble and synthetic) was
associated with leaving work among men, and exposure to
water-based soluble and synthetic MWF were each associated
with leaving work among women. Lagging exposure did not
alter these associations and, therefore, would not be an effective
strategy to avoid bias due to the HWSE. The presence of condi-
tions (1) and (3) imply that employment status should not be

adjusted for in our cancer risk models because it is an intermedi-
ate between exposure and disease outcome.'®

The evidence for all three conditions indicates that employ-
ment status is a time-varying confounder (conditions (1) and
(2)) affected by prior exposure (condition (3)). We need to
control for employment status as a confounder and to not
control for it since it is an intermediate. The presence of the
HWSE does not in itself dictate that results will be biased; it is
the analytical method applied in the presence of the HWSE that
determines whether results will be biased. The observed results
for the three conditions suggest that g-methods should be used
to address the HWSE and avoid bias in exposure-response ana-
lyses for all cancers outcomes examined.'® G-methods were ori-
ginally developed to address the HWSE.' This is achieved by
unpacking cumulative exposure into a series of time-varying
exposures and building separate models for outcome, exposure
and sometimes other covariates. A large literature on this class
of analytical methods explains how these additional models are
used to adjust properly for time-varying confounding (by
leaving work) and estimate marginal differences in survival
within a counterfactual framework." 2 ¢ 10 1217

These results are generally consistent with findings from a
2012 study of this same cohort comparing standard Cox models
with g-estimation models for straight MWF and several cancer
mortality outcomes.'! Chevrier et al reported statistically signifi-
cant results from g-estimation, but null results using standard
methods for lung and prostate cancer mortality, suggesting the
presence of the HWSE. For rectal cancer mortality, standard
methods produced null results, while elevated, though non-
significant, risks were found using g-estimation. There was no
marked difference between standard and g-estimation results for
colon cancer mortality. Costello et al*® reported less evidence
for the HWSE among women compared with men in an ischae-
mic heart disease analysis of this same cohort. Differences in the
evidence for the HWSE between men and women in the
present study are difficult to distinguish since small numbers
prevented the examination of site-specific cancers among female
workers.
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We presented one DAG for HWSE. Slight variations of this
DAG have also been described.'® Rather than a direct arrow
from prior exposure to employment status, there could be,
instead or in addition, an unmeasured factor leading to both of
these nodes, thereby inducing an association. Similarly, where
we have a U leading to employment status and disease there
could be, instead or in addition, a direct arrow leading from
employment status to the outcome. Each of these DAGs con-
tains a time-varying confounder affected by prior exposure
and its presence can be assessed using the methods presented
here. See Naimi et al'® online supplementary appendix Al for
details.

Underlying health status may affect exposure in several
ways: less healthy employees may take more intermittent time
off work, transfer to lower exposed jobs, use personal protec-
tive equipment or terminate employment earlier. In our assess-
ment of the conditions for the HWSE, we only explored the
association through the latter pathway. An analysis that takes
into account these additional potential pathways between
exposure and underlying health status may provide a more
accurate assessment of the potential for bias due to HWSE.
However, we expect terminating employment to be the stron-
gest source of healthy worker survivor bias, assuming those
who left work were not subsequently exposed elsewhere. This
is because the other actions would lead to lower but not
necessarily zero exposure, and because a worker who termi-
nates employment is likely to be in worse health than one
who manages to transfer to a lower exposed job at the plant.
A last notable limitation for our study is the small amount of
covariate information. Owing to this lack of data, we were
unable to account for other potential confounders of the rela-
tionships examined here, such as smoking status or other life-
style factors.

It has been claimed that the HWSE is unlikely to have an
effect on cancer outcomes, particularly cancers with late-stage
symptoms and poor survival, such as lung cancer.”’ In the
current study of MWF exposed workers, however, we found
evidence of the HWSE in relation to incidence of lung cancer.
By comparing results from g-methods and standard methods,
the presence of the HWSE has also been demonstrated in other
occupational studies of lung cancer in relation to arsenic,'® 22
diesel,”® radon®* %° and asbestos,?® %7 as well as MWFs.!! 28
Coupled with the theoretical underpinnings of the HWSE, these
studies provide evidence that the HWSE can affect the study of
cancer outcomes in occupational settings and should be taken
into account when considering different methodological
approaches.

There are several g-methods available for an exposure—
responses analysis of MWF and cancer incidence, though not all
would be appropriate for this study. Follow-up continues after
subjects leave work when exposure is zero. This violates the
positivity assumption and precludes the use of inverse probabil-
ity of exposure weighting.'” Accelerated failure time models
used with g-estimation assume the outcome is inevitable and
assess whether exposure accelerates time to the event. When the
outcome is rare, as is cancer, this assumption may not hold.*
The parametric g-formula® '* is more appropriate for rare out-
comes and can incorporate quantitative exposure and dynamic
treatment regimes, though it requires many parametric assump-
tions. When applying any of these methods in this study we will
need to adjust for leaving work by a particular age (eg,
50 years), rather than leaving work regardless of age. Based on
our results, this more refined variable definition for leaving
work better captures the essence of the HWSE.

CONCLUSION

We found evidence for all three conditions necessary for the
HWSE to exist in a cohort study of Michigan autoworkers
exposed to MWFs. Evidence was strongest for leaving work by
age 50, consistent with the HWSE. Lagging exposure by
15 years, in keeping with the latency period for the cancer out-
comes, did not alter these results. This suggests that standard
methods may underestimate the exposure-response for these
outcomes and therefore a g-method should be applied to
control for employment status as a time-varying confounder
affected by prior exposure.® '° Examination of the three condi-
tions for the HWSE should precede exposure-response analyses
in other occupational cohort studies to assess the evidence that
it is present.
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