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A Comparison of Methods to Estimate the Hazard Ratio
Under Conditions of Time-varying Confounding and

Nonpositivity
Ashley I. Naimi,a Stephen R. Cole,a Daniel J. Westreich,b and David B. Richardsona

Abstract: In occupational epidemiologic studies, the healthy worker
survivor effect refers to a process that leads to bias in the estimates
of an association between cumulative exposure and a health out-
come. In these settings, work status acts both as an intermediate and
confounding variable and may violate the positivity assumption (the
presence of exposed and unexposed observations in all strata of the
confounder). Using Monte Carlo simulation, we assessed the degree
to which crude, work-status adjusted, and weighted (marginal struc-
tural) Cox proportional hazards models are biased in the presence of
time-varying confounding and nonpositivity. We simulated the data
representing time-varying occupational exposure, work status, and
mortality. Bias, coverage, and root mean squared error (MSE) were
calculated relative to the true marginal exposure effect in a range of
scenarios. For a base-case scenario, using crude, adjusted, and
weighted Cox models, respectively, the hazard ratio was biased
downward 19%, 9%, and 6%; 95% confidence interval coverage was
48%, 85%, and 91%; and root MSE was 0.20, 0.13, and 0.11.
Although marginal structural models were less biased in most
scenarios studied, neither standard nor marginal structural Cox
proportional hazards models fully resolve the bias encountered
under conditions of time-varying confounding and nonpositivity.

(Epidemiology 2011;22: 718–723)

The healthy worker effect has long been recognized as a
potential source of bias when estimating the association

between an occupational exposure and health outcome such
as mortality.1 Two aspects of the healthy worker effect can be
distinguished from each other: the initial selection of healthy
people into the work force, and the tendency for workers at
increased risk of mortality to preferentially leave employ-
ment. The latter is known as the healthy worker survivor

effect.2,3 Analytic methods to overcome the bias induced by
the healthy-worker survivor effect began to appear in the
early 1970s.2 In 1986, Robins4 identified this bias as one due
to confounding of the association between cumulative expo-
sure and mortality by time-varying work status, which is
affected by prior exposure. Standard Cox proportional haz-
ards regression models produce biased exposure-disease as-
sociations whether or not one adjusts for time-varying con-
founders affected by prior exposure.5–10 Marginal structural
Cox proportional hazards regression models offer a viable
alternative under such conditions.11

In the context of occupational epidemiology, the
healthy-worker survivor effect presents complications be-
yond what is encountered with standard time-varying con-
founding affected by prior exposure. Exposed persons who
leave the workplace often have no chance of incurring work-
based exposure at subsequent time points. If work status is a
confounder, this situation results in a violation of the posi-
tivity assumption. The positivity assumption requires ex-
posed and unexposed observations in all strata of the con-
founders at all time points.12–14 Violations of the positivity
assumption can arise in diverse research settings.15,16 To
make inferences that are not based on model interpolation or
extrapolation, positivity is required.14

Formally, the positivity assumption, which is also known
as the experimental-treatment assignment assumption,17 is met
when Pr(X � x | L � l) � 0 for all l, where Pr(L � l) � 0, X
is the exposure variable, and L is a vector of confounders.12

Violations of the positivity assumption (nonpositivity) are of
2 kinds: systematic and random. Systematic nonpositivity
occurs when individuals cannot receive at least one level of
the exposure within one or more of the confounder strata.
Random nonpositivity occurs when no persons happen to be
observed within one or more of the confounder strata.14

Although both types of nonpositivity can threaten the validity
of inferences made with respect to exposure-outcome asso-
ciations, as a structural feature of the scenario under study,
systematic nonpositivity is of greater concern.

Marginal structural models are known to yield unbiased
results under conditions of time-varying confounding when
the positivity assumption is met.11 However, their perfor-
mance under conditions of time-varying confounding with
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systematic nonpositivity (as occurs in the healthy-worker
survivor effect) is unknown. Here, we use Monte Carlo
simulation to compare the performance of hazard ratios
derived from standard and marginal structural Cox models
under conditions of time-varying confounding and nonposi-
tivity in data that mimic sample sizes typically encountered in
occupational epidemiology.

METHODS

Simulated Data
The Figure presents a causal directed acyclic graph18

representing the healthy worker survivor effect19 on which
our simulated data are based. Baseline exposure status
X(0), and an unmeasured confounder U, were each gener-
ated as independent Bernoulli random variables with a
probability of 0.5. To mimic a study of an occupational
cohort in which people enter follow-up at start of employ-
ment, work status at baseline W(0) was always set to 1; as
a constant, this variable may be ignored without conse-
quence. Follow-up work status was denoted by W(1) and was
defined as a Bernoulli random variable with a probability of
being at work of Pr�W(1) � 1� � expit�� � �U � �X(0)�,
where expit(�) � exp(�) / �1� exp(�)�, where � represents the
intercept (chosen such that the marginal probability of W(1)
is approximately 0.5), and where � and � represent the
association between the unmeasured confounder U and W(1)
and between baseline exposure X(0) and W(1), respectively.
To induce nonpositivity, follow-up exposure status X(1) was
defined as zero if W(1) � 0, and a Bernoulli random variable
with a probability of 0.5 if W(1) � 1. Survival time T
followed an exponential distribution with a survival function
exp(��t) and a rate parameter of � � exp���� � �U�,
where � is the log hazard ratio of the association between the
cumulative exposure � � X(0) � X(1) and T, and �, the
log-hazard ratio of the association between U and T. Finally,
the data were administratively censored to induce a 0.25
event proportion.

Statistical Analysis
Performance was assessed using 3 regression models.

Models 1 and 2 were a standard unadjusted Cox model, and
a standard Cox model adjusted for work status, respectively.
Model 3 was a marginal structural Cox model weighted by
the inverse probability of exposure history, which in our
scenario (Figure) amounts to weighting for the inverse prob-
ability that X(1) � x given work status W(1).13 The hazard
ratios derived from each of these models were compared with
the true hazard ratio. An estimate of the true hazard ratio was
obtained using a marginal structural Cox model weighted by
the inverse probability that exposure status X(1) � x given the
unmeasured confounder U, generated with a sample size of
20 million. According to the causal structure specified in the
Figure, weighting for U, rather than W(1) as in model 3,

allows us to ascertain the unbiased (or true) marginal asso-
ciation between cumulative exposure � and outcome T. Of
course, in real research settings, one cannot weight for U
because it is unobserved. Parameters for model 3 and the true
hazard ratio were estimated using stabilized inverse proba-
bility of exposure weights, calculated as

M � {
Pr�X�1	�

Pr�X�1	�Z�
if X�1	 � 1

1 	 Pr�X�1	�

1 	 Pr�X�1	�Z�
if X�1	 � 0

where Z � W(1) when weighting for W(1), and Z � U when
weighting for U. SAS version 9.2 was used for all analyses
(SAS Institute, Inc, Cary, NC).

Simulation Summary
We investigated the behavior of the 3 Cox models (ie,

crude, adjusted, and weighted) under 13 different specifica-
tions of �, �, �, and � representing the odds ratios or hazard
ratios of 1, 2, 5, and 9, respectively. We defined the base-case
scenario as: (i) a hazard ratio of 9 for �, the association
between U and T; (ii) an odds ratio of 9 for �, the association
between U and W(1); (iii) an odds ratio of 9 for � the
association between X(0) and W(1); and (iv) a hazard ratio of
2 for �, the association between cumulative exposure � and T.
Using Monte Carlo simulation, we assessed the performance
of hazard ratios derived from the 3 modeling strategies based
on 20,000 trials, each with a sample size of 1000 to mimic
modest-sized occupational cancer cohort studies.

To compare the 3 models across different specifications
of �, �, �, and �, we calculated 3 summaries: (i) bias,
computed as the mean of the estimator across 20,000 trials
minus the true value; (ii) 95% confidence interval (CI) cov-
erage, computed as the proportion of times the 95% CI from

FIGURE. Causal directed acyclic graph representing the
healthy worker survivor effect, with time-varying exposure
�X(0) and X(1)�, work status �W(1)�, an unmeasured con-
founder (U), and a time to event variable (T). Nonpositivity
arises due to the zero probability of exposure at follow-up
�X(1)� for those who have left work (W(1) � 0).
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the 3 models contained the true value; and (iii) root mean
squared error (root MSE), computed as the square root of the
sum of the squared bias and the simulated variance for the
estimator. All summaries were calculated for �, the associa-
tion between cumulative exposure � and the outcome T.
Confidence intervals for the standard Cox models (crude and
work-status-adjusted) were estimated using model-based
standard errors. Confidence intervals for the marginal struc-
tural Cox model were estimated using robust standard errors.
The simulated variance was computed as the square of the
simulated standard deviation of the estimator across all
20,000 trials.

RESULTS
Each regression method resulted in biased estimates

under some conditions. In general, the weighted association
was least biased, the crude association most biased, and the
adjusted association intermediate. Improved performance of
the marginal structural Cox model relative to standard Cox
regression may be expected, as the weighted association
accounts for time-varying confounding affected by prior
exposure, while neither the crude nor adjusted associations do
so. The adjusted Cox model tended to be less biased than the
crude Cox model, suggesting that, as expected,20 the collider
stratification bias induced in the adjusted model is smaller
than the confounding in the crude model.

There were exceptions to this general pattern, however.
First, in Table 1, rows 8 and 11, there was no time-varying
confounding because either e� � 1 or e� � 1, respectively. In
these 2 scenarios, all associations were unbiased. Second, in
Table 1, rows 5 and 6, the time-varying confounder was not

affected by prior exposure (ie, e� � 1), or was only modestly
affected by prior exposure (ie, e� � 2). In these 2 scenarios,
the adjusted association was less biased than the weighted
association.

The same pattern can be observed with the root mean
squared error. The weighted associations were more accurate
(ie, smaller root MSE) than the adjusted, which in turn were

TABLE 1. Bias Under Various Specifications of the Causal Structure in the Figure

e� e� e� e�

Crude Cox
Model

Adjusted Cox
Model

Marginal
Structural

Model

Absolute Relative Absolute Relative Absolute Relative

2 9 9 9 �0.19 0.58 �0.09 0.79 �0.06 0.87

1 9 9 9 �0.17 3.10 �0.15 2.83 �0.06 1.70

5 9 9 9 �0.16 0.85 0.03 1.02 �0.01 0.99

9 9 9 9 �0.13 0.91 0.09 1.06 0.01 1.00

2 1 9 9 �0.29 0.50 0.02 1.04 �0.19 0.68

2 2 9 9 �0.27 0.50 �0.02 0.97 �0.15 0.72

2 5 9 9 �0.22 0.54 �0.06 0.86 �0.09 0.81

2 9 1 9 0.00 1.00 0.00 1.00 0.01 1.02

2 9 2 9 �0.07 0.87 �0.04 0.92 �0.01 0.98

2 9 5 9 �0.15 0.70 �0.09 0.82 �0.04 0.92

2 9 9 1 0.00 1.00 0.00 1.00 0.00 1.00

2 9 9 2 �0.07 0.88 �0.03 0.92 �0.02 0.96

2 9 9 5 �0.15 0.71 �0.07 0.87 �0.05 0.91

� represents the log-hazard ratio of the association between cumulative exposure � and outcome T; �, the log odds ratio of the association
between baseline exposure X(0) and work status at follow-up W(1); �, the log odds ratio of the association between an unmeasured confounder
U and W(1); and �, the log hazard ratio of the association between U and T.

TABLE 2. Root Mean Squared Error Under Various
Specifications of the Causal Structure in the Figure

e� e� e� e�
Crude

Cox Model
Adjusted

Cox Model

Marginal
Structural

Model

2 9 9 9 0.206 0.137 0.113

1 9 9 9 0.202 0.189 0.127

5 9 9 9 0.177 0.099 0.090

9 9 9 9 0.158 0.134 0.089

2 1 9 9 0.305 0.109 0.207

2 2 9 9 0.280 0.102 0.175

2 5 9 9 0.235 0.118 0.131

2 9 1 9 0.104 0.105 0.113

2 9 2 9 0.118 0.111 0.106

2 9 5 9 0.174 0.135 0.111

2 9 9 1 0.101 0.103 0.110

2 9 9 2 0.120 0.106 0.107

2 9 9 5 0.177 0.124 0.112

� represents the log-hazard ratio of the association between cumulative exposure �
and outcome T; �, the log odds ratio of the association between baseline exposure X(0)
and work status at follow-up W(1); �, the log odds ratio of the association between an
unmeasured confounder U and W(1); and �, the log hazard ratio of the association
between U and T.
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more accurate than the crude (Table 2). There were again 2
exceptions. First, when either e� � 1 or e� � 1, root MSE for
the weighted association was slightly higher than the crude or
adjusted associations. Because there was no bias in these
settings, this higher root MSE reflects the effect of lower
precision in the weighted model. This lower precision is the
expected result of unnecessary protection against time-vary-
ing confounding, which is not present in these 2 settings.
Second, when either e� � 1 or e� � 2, the adjusted associ-
ation was most accurate. These findings coincide with the
patterns of bias observed in Table 1.

Finally, as demonstrated in Table 3, the 95% CI cov-
erage for the weighted and adjusted associations proved on
average to be roughly equivalent. For instance, across the 13
scenarios explored, the mean coverage for the crude, ad-
justed, and weighted associations were 64.8%, 89.2%, and
88.8%, respectively. However, the 95% CI coverage for the
weighted association was less than 90% only for the 3
scenarios where the association between baseline exposure
and subsequent work status was null to moderate. These are
exactly the scenarios where the time-varying confounder is
affected by prior exposure only moderately to not at all.

DISCUSSION
Our findings indicate that neither standard nor marginal

structural Cox models adequately deal with the bias induced
by time-varying confounding with nonpositivity in the con-
text of the healthy-worker survivor effect. As the results in
Table 1 suggest, in the absence of time-varying confounding

all methods explored recover the correct association, irre-
spective of nonpositivity. Furthermore, when time-varying
confounding is not affected by prior exposure (ie, when the
association between baseline exposure and subsequent work
status was null or small), standard adjustment appears to
provide a reasonable estimate of the true association. Conse-
quently, when the healthy-worker survivor effect is thought
to be operating, researchers could assess the association
between exposure and subsequent work status. Stronger as-
sociations would suggest use of nonstandard methods,
whereas null or modest associations might warrant the use of
standard Cox models adjusted for work status. Finally, al-
though the marginal structural Cox model proved more robust
to increases in the strength of the association between the
unmeasured confounder and either work status or mortality,
the degree of this improvement over the standard work status
adjusted model was modest.

Previous simulation research has considered the
healthy-worker survivor effect under settings of no true
exposure effect, and evaluated the ability to control for it
using standard methods.21 As in that work, our simulation
scenarios illustrate negative bias in estimates under a null
exposure effect due to the healthy-worker survivor effect
(Table 1, row 2). Further, we show that although weighted
methods perform better under a null exposure effect, both
standard and weighted methods give biased results. Previous
simulation studies have not considered the performance of
methods in settings with an actual exposure effect. With the
few exceptions mentioned previously, marginal structural
models consistently perform better in these settings.

The healthy worker survivor effect has been recognized
by epidemiologists for more than 40 years,22 yet most of the
proposed solutions inadequately address the biases that may
arise under such conditions.2 For example, although restrict-
ing the analysis to survivors of a given period is likely to
decrease confounding bias in certain settings,23 it may induce
a selection bias such that the net bias is increased after
restriction.19 Furthermore, proposed solutions such as expo-
sure lagging24 and work status adjustment22 necessitate the
unrealistic assumption that work status is not a risk factor for
mortality.2 However, as a time-varying confounder affected
by prior exposure, adjusting for work status may induce
collider-stratification bias.19,20,25 Moreover, a key assump-
tion underlying exposure lagging is that time off work is
equivalent to time on work at zero exposure.26 Yet, if workers
leave their jobs for health-related reasons (whether induced
by exposure or some other cause) that also predispose them to
higher rates of the event under study, then the risk of the
event in persons no longer at work would be higher than the
risk of the event in those at work but unexposed. Conse-
quently, time off work is not likely to be equivalent to time on
work under no exposure.26 Despite these limitations, how-
ever, exposure lagging may successfully be used to specify

TABLE 3. Confidence Limit Coverage Under Various
Specifications of the Causal Structure in the Figure

e� e� e� e�
Crude

Cox Model
Adjusted

Cox Model

Marginal
Structural

Model

2 9 9 9 48.4 85.3 91.3

1 9 9 9 64.4 73.7 92.3

5 9 9 9 53.5 94.7 94.8

9 9 9 9 63.7 86.9 95.1

2 1 9 9 8.2 94.6 47.2

2 2 9 9 13.3 94.9 63.7

2 5 9 9 31.1 90.2 84.1

2 9 1 9 94.8 94.8 94.7

2 9 2 9 89.6 92.7 94.8

2 9 5 9 69.4 87.3 93.5

2 9 9 1 95.1 95.1 95.0

2 9 9 2 88.4 93.9 94.5

2 9 9 5 65.5 90.0 92.9

Numbers represent the percentage of 95% confidence limits that included the true
value in 20,000 simulations.

� represents the log-hazard ratio of the association between cumulative exposure �
and outcome T; �, the log odds ratio of the association between baseline exposure X(0)
and work status at follow-up W(1); �, the log odds ratio of the association between an
unmeasured confounder U and W(1); and �, the log hazard ratio of the association
between U and T.
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the appropriate exposure given an assumed empirical induc-
tion period.

Though marginal structural models are able to control
the bias induced by time-varying confounders that are af-
fected by prior exposure,11 as we described here, they do not
account for the bias induced by nonpositivity. Because per-
sons who have left the workplace cannot receive work-based
exposures at subsequent time-points, the model used to esti-
mate the inverse probability weights encounters a zero cell in
the stratum where W(1) � 0 and X(1) � 1. Thus, the inverse
of the probability of being exposed at time t � 1 when one
has left the workplace is undefined. As a result, using the
inverse probability weights fails to fully eliminate the bias
induced by nonpositivity.

We have compared the performance of crude, adjusted,
and marginal structural Cox models under conditions of
systematic nonpositivity, using the healthy-worker survivor
effect as an example. We would expect our results to gener-
alize to any research context with a causal structure similar to
the one outlined in the Figure. Whether these results gener-
alize to settings where nonpositivity is random,14 remains
uncertain. However, recent evidence suggests that, for mar-
ginal structural models, increased random nonpositivity re-
sults in less efficient estimators.27 A lack of positivity may
also arise in other research settings, such as when assessing
the independent effects of neighborhood deprivation on pre-
term birth15 or the verbal ability of children.16 It is uncertain
how marginal structural models would deal with nonpositiv-
ity bias encountered in such settings.

The present findings should be interpreted with limita-
tions in mind. First, our scenarios were characterized by data
with only 2 exposure time points. The bias may be amplified
or attenuated under conditions where more than 2 time points
are present. Second, in our simulations, when bias is present,
we cannot partition the bias into components due to time-
varying confounding and due to nonpositivity. However, the
results presented in Table 1, rows 5–7, do support the spec-
ulation that the inverse relationship between the bias for the
weighted association and the magnitude of the effect of
baseline exposure on subsequent work status is due to the
relationship between nonpositivity and time-varying con-
founding. Specifically, when the effect of baseline exposure
on subsequent work status is small (or null), the time-varying
confounder is affected only weakly (or not at all) by prior
exposure, and the constant nonpositivity bias plays a propor-
tionately larger role in biasing the estimates. Finally, the
choice of parameterizations used to specify the magnitude of
effects was only a small portion of all possible scenarios. As
in all Monte Carlo research, results apply only to the scenar-
ios studied.28 Future research might assess these methods
using a broader set of scenarios based on established cohorts,
and using methodological approaches better suited to handle
nonpositivity, such as history-restricted marginal structural

models,29 g-estimation of a structural nested accelerated fail-
ure-time model,6 or the parametric g-formula.30,31

Despite these limitations, our approach does offer
strengths. To our knowledge, this is the first assessment of the
performance of marginal structural models in the context of
the healthy-worker survivor effect. Our causal structure and
simulated data are characterized by only 2 biases, time-
varying confounding and nonpositivity, allowing for a more
clear understanding of the role that these biases play in
occupational epidemiology. Finally, we compared the perfor-
mance of a commonly used resolution to the healthy-worker
survivor effect (adjustment for work status) to a less com-
mon, but perhaps more theoretically justified, approach (mar-
ginal structural models).

In conclusion, neither standard nor marginal structural
Cox proportional hazards models can fully resolve the bias
encountered under conditions of time-varying confounding
with nonpositivity, such as in the healthy-worker survivor
effect.

ACKNOWLEDGMENT
We thank Chanelle Howe for helpful comments on

earlier versions of the manuscript.

REFERENCES
1. Ogle W. Letter to the Registrar-General on the mortality in the regis-

tration districts of England and Wales during the ten years 1871–80.
Supplement to the 45th Annual Report of the Registrar General of
Births, Deaths, and Marriages, in England. London: Eyre & Spottis-
woode; 1885:(p. xxiii):

2. Arrighi HM, Hertz-Picciotto I. The evolving concept of the healthy
worker survivor effect. Epidemiology. 1994;5:189–196.

3. Eisen E, Robins J. Healthy worker effect. In: El-Shaarawi A, Piegorsch
W, eds. Encyclopedia of Environmetrics. New York: John-Wiley &
Sons; 2002.

4. Robins JM. A new approach to causal inference in mortality studies with
a sustained exposure period–application to control of the healthy worker
survivor effect. Math Model. 1986;7:1393–1512.

5. Kalbfleisch JD, Prentice RL. The statistical analysis of failure time data.
Wiley series in probability and statistics. Hoboken, NJ: John Wiley;
2002.

6. Robins JM. Structural nested failure time models. In: Andersen P,
Keiding N, eds. The Encyclopedia of Biostatistics. Chichester, United
Kingdom: John Wiley and Sons; 1998.

7. Robins J. Estimation of the time-dependent accelerated failure time
model in the presence of confounding factors. Biometrika. 1992;79:321–
334.

8. Mark SD, Robins JM. Estimating the causal effect of smoking cessation
in the presence of confounding factors using a rank preserving structural
failure time model. Stat Med. 1993;12:1605–1628.

9. Robins JM, Blevins D, Ritter G, Wulfsohn M. G-estimation of the effect
of prophylaxis therapy for Pneumocystis carinii pneumonia on the
survival of AIDS patients �erratum in Epidemiology. 1993;3:189�. Epi-
demiology. 1992;3:319–336.

10. Witteman JC, D’Agostino RB, Stijnen T, et al. G-estimation of causal
effects: isolated systolic hypertension and cardiovascular death in the
Framingham Heart Study. AmJ Epidemiol. 1998;148:390–401.

11. Robins JM, Hernan MA, Brumback B. Marginal structural models and
causal inference in epidemiology. Epidemiology. 2000;11:550–560.

12. Hernán MA, Robins JM. Estimating causal effects from epidemiological
data. J Epidemiol Commun Health. 2006;60:578–586.

13. Cole SR, Hernan MA. Constructing inverse probability weights for
marginal structural models. Am J Epidemiol. 2008;168:656–664.

Naimi et al Epidemiology • Volume 22, Number 5, September 2011

722 | www.epidem.com © 2011 Lippincott Williams & Wilkins

http://www.epidem.com


14. Westreich D, Cole SR. Invited commentary: positivity in practice. Am J
Epidemiol. 2010;171:674–677.

15. Messer LC, Oakes JM, Mason S. Effects of socioeconomic and racial
residential segregation on preterm birth: a cautionary tale of structural
confounding. Am J Epidemiol. 2010;171:664–673.

16. Sampson RJ, Sharkey P, Raudenbush SW. Durable effects of concen-
trated disadvantage on verbal ability among African-American children.
Proc Natl Acad Sci USA. 2008;105:845–852.

17. Mortimer KM, Neugebauer R, van der Laan M, Tager IB. An application
of model-fitting procedures for marginal structural models. Am J Epi-
demiol. 2005;162:382–388.

18. Pearl J. Causal diagrams for empirical research. Biometrika. 1995;82:
669–688.

19. Hernan MA, Hernandez-Diaz S, Robins JM. A structural approach to
selection bias. Epidemiology. 2004;15:615–125.

20. Greenland S. Quantifying biases in causal models: classical confounding
vs collider-stratification bias. Epidemiology. 2003;14:300–306.

21. Steenland K, Deddens J, Salvan A, Stayner L. Negative bias in expo-
sure-response trends in occupational studies: modeling the healthy
workers survivor effect. Am J Epidemiol. 1996;143:202–210.

22. Gilbert ES. Some confounding factors in the study of mortality and
occupational exposures. Am J Epidemiol. 1982;116:177–188.

23. Fox AJ, Collier PF. Low mortality rates in industrial cohort studies due

to selection for work and survival in the industry. Br J Prev Soc Med.
1976;30:225–230.

24. Gilbert ES, Marks S. An analysis of the mortality of workers in a nuclear
facility. Radiat Res. 1979;79:122–148.

25. Cole SR, Platt RW, Schisterman EF, et al. Illustrating bias due to
conditioning on a collider. Int J Epidemiol. 2010;39:417–420.

26. Arrighi HM, Hertz-Picciotto I. Controlling the healthy worker survivor
effect: an example of arsenic exposure and respiratory cancer. Occup
Environ Med. 1996;53:455–462.

27. Xiao Y, Abramhamowicz M, Moodie EE. Accuracy of conventional and
marginal structural Cox model estimators: a simulation study. Int J Bio-
stat. 2010;6.

28. Maldonado G, Greenland S. The importance of critically interpreting
simulation studies. Epidemiology. 1997;8:453–456.

29. Moore K, Neugebauer R, Lurmann F, et al. Ambient ozone concentra-
tions and cardiac mortality in Southern California 1983–2000: applica-
tion of a new marginal structural model approach. Am J Epidemiol.
2010;171:1233–1243.

30. Robins J. A graphical approach to the identification and estimation of
causal parameters in mortality studies with sustained exposure periods.
J Chronic Dis. 1987;40(suppl 2):139S–161S.

31. Taubman SL, Robins JM, Mittleman MA, Hernan MA. Intervening on
risk factors for coronary heart disease: an application of the parametric
g-formula. Int J Epidemiol. 2009;38:1599–1611.

Epidemiology • Volume 22, Number 5, September 2011 Time-varying Confounding and Nonpositivity

© 2011 Lippincott Williams & Wilkins www.epidem.com | 723

http://www.epidem.com

