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Abstract

Radon is a known cause of lung cancer. Protective standards for radon exposure are derived largely 

from studies of working populations that are prone to healthy worker survivor bias. This bias 

can lead to underprotection of workers and is a key barrier to understanding health effects of 

many exposures. We apply inverse probability weighting to study a set of hypothetical exposure 

limits among 4137 male, White and American Indian radon-exposed uranium miners in the 

Colorado Plateau followed from 1950 to 2005. We estimate cumulative risk of lung cancer through 

age 90 under hypothetical occupational limits. We estimate that earlier implementation of the 

current US Mining Safety and Health Administration annual standard of 4 working level months 

(implemented here as a monthly exposure limit) could have reduced lung cancer mortality from 

16 of 100 workers to 6 of 100 workers (95% confidence interval, 3/100, 8/100), in contrast with 

previous estimates of 10 of 100 workers. Our estimate is similar to that among contemporaneous 

occupational cohorts. Inverse probability weighting is a simple and computationally efficient way 
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address healthy worker survivor bias to contrast health effects of exposure limits and estimate the 

number of excess health outcomes under exposure limits at work.
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Introduction

Study of occupational exposure to human carcinogens is key to a better understanding 

of public and worker health. However, a key barrier to understanding health effects of 

occupational exposures is healthy worker survivor bias.1–3 Healthy worker survivor bias is 

a phenomenon in which healthier workers persist longer in jobs than less healthy workers, 

thus potentially accruing more exposure.4 Employment status often predicts health outcomes 

under study, which can bias estimates of association between exposure and health if 

employment status is not considered in analysis.5,6 Further, when exposure can influence 

employment status (eg, if latent disease caused by exposure leads to impaired ability 

to work), this bias is not amenable to control through covariate adjustment in standard 

regression models of exposure-disease relationships.1

Healthy worker survivor bias was an initial motivation behind the parametric g-formula, an 

approach that utilizes regression models within the framework of g-computation to estimate 

causal effects of occupational exposures under assumptions that allow for control of healthy 

worker survivor bias.7 The parametric g-formula can be used to directly assess impacts of 

exposure limits on worker health, which aids in decision-making around personal exposure 

limits in the workplace. Briefly, this approach utilizes multiple regression models (exposure, 

employment, and outcomes) and a Monte Carlo simulation to estimate cumulative risk under 

hypothetical interventions. The parametric g-formula has been used to assess impacts of 

hypothetical exposure limits for a number of occupational hazards such as asbestos, arsenic, 

diesel exhaust, particulate matter, and radon.8–13 However, estimators of the parametric 

g-formula are highly modeling and simulation intensive, which creates 2 practical issues: 

(1) heavy reliance on modeling assumptions for validity and (2) heavy computational 

burden.14 G-estimation of structural nested models is another feasible approach, but it is 

difficult to interpret15 or may not estimate cumulative risk,16 which is often the target of 

risk assessment. Inverse probability-of-exposure weighted estimation of marginal structural 

models has been recommended against because the probability of exposure is zero among 

those who have left work, violating a key assumption of the approach.17

To address healthy worker survivor bias and assess impacts of exposure limits on 

worker health, we propose use of inverse probability of censoring weighting for dynamic 

regimes.18–20 This approach uses the observed data as a pseudo-trial in which individuals 

are artificially censored from the observed data when they are observed to be inconsistent 

with the “treatment arm” (eg, monthly exposure above an occupational limit), and inverse 

probability weighting is used to correct for the bias introduced by censoring. Here, we 

demonstrate this approach in a reanalysis of the Colorado Plateau Uranium Miners (CPUM) 
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cohort.21 We demonstrate strengths of this approach for reducing modeling assumptions 

while estimating impacts of hypothetical occupational exposure limits.

Methods

Study population

The CPUM cohort has been described previously.21 Briefly, the cohort comprises 4137 

male underground uranium miners who worked in the Colorado Plateau region in the 

1950s and 1960s. Lung cancer was ascertained as the underlying cause of death. These 

underground miners were occupationally exposed to radon gas and associated short-lived 

radon decay products (RDPs). Nearly all dose to lung tissue is attributable to densely 

ionizing radiation from radon progeny; therefore, “radon” is commonly quantified as the 

potential alpha energy concentration from RDP, often expressed in working level (WL), 

where 1 WL = 20.8 μJ•m−3. Estimates of cumulative exposure to radon were obtained for 

each worker22 and expressed in the historical unit of working level months (WLM), which 

is exposure to 1 WL for 170 hours.23 Data on dates of exposure to workers were used to 

interpolate monthly exposure to workers before and including follow-up. Smoking data were 

available from 3 surveys among surviving workers, which we collapsed to ever (77%)/never 

(23%) smoking due to limitations of the survey data.24 Racialization can be thought of 

as a confounder in this study.25 White and American Indian miners were often segregated 

by job type (influencing exposure) and also experienced different health care access and 

environmental health conditions (influencing the outcome). Therefore, White and American 

Indian racialized categories were included in the analysis.

Person-time-at-risk began on the date of first medical screening (between July 1950 and 

July 1960) and ended on the earliest of the date of death, loss to follow-up, or study end 

(December 31, 2005). We excluded 10 miners with no information on smoking, yielding a 

final analytic cohort of n = 4127.

Dynamic exposure regimes in occupational cohorts and inverse probability weighting

Causal effect estimation for time-varying exposures involves 2 basic steps: (1) defining 

exposure “regimes” of interest and (2) contrasting the expected health outcomes for a 

population across 2 or more of those regimes.26 These regimes can be dynamic. Dynamic 

regimes mean that exposure levels on a specific regime may change as a function of 

time-varying variables.

Dynamic exposure regimes for occupational settings are motivated by personal exposure 

limits. For radon exposure in US miners, the current regulatory annual personal exposure 

limit is 4 WLM.27 We operationalize personal exposure limits as a monthly limit (eg, 0.33 

WLM per month). Personal exposure limits can be considered dynamic treatment regimes 

such as the following: “if at work, monthly exposures must be below 0.33 WLM.”28 Annual 

exposure limits could also be used, but we use monthly limits to improve comparability with 

prior analysis of this cohort.13 These exposure regimes are dynamic because they depend on 

time-updated employment status.
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The underlying concept of this approach is that the treatment and covariate patterns among 

participants in the observational data are realizations of a dynamic treatment regime. For 

example, some workers in the CPUM cohort data do, in fact, have exposure below a 0.33 

WLM monthly limit while at work. Although we cannot simply compare those workers with 

the rest of the cohort (because they differ by important confounders), we can instead apply 

weights so that the low exposed workers represent the mortality experience of the entire 

cohort, had it been subject to a monthly exposure limit of 0.33 WLM during follow-up.

Contrasts of weighted populations allow causal inference under the assumptions that (a) we 

account for a sufficient set of baseline and time-varying confounders (ie, common causes 

of mortality and the time-varying probability of exceeding a given exposure limit) and 

(b) correctly specified models for the probability of exceeding a limit and (c) positivity 

(ie, every worker has a positive chance to exceed or remain below a given exposure 

limit).26,29–31 Under these assumptions, contrasts of mortality between weighted populations 

can be conceptualized as comparisons of potential outcomes for the same population under 

different personal exposure limits. The general approach to estimating effects of a dynamic 

regime at a given limit with inverse probability weighting has been referred to as a “clone-

censor-weight” method,32 which we describe here.

Cloning, censoring: First, one “clones” the study data by making a duplicate copy, and 

then cloned workers are artificially censored at the time that they have exposures that exceed 

the exposure limit.26 Here, a worker was considered censored in the first person-month 

during follow-up when he exceeded the limit (eg, some workers would be censored in their 

first observation). For workers who never exceeded a limit during follow-up, all observed 

person-time was retained. Censoring by loss to follow-up (0.3% of workers) was assumed 

ignorable (more substantial loss to follow-up could be accommodated by additional sets 

of weights18,33). Artificial censoring is demonstrated in Figure 1 for a small sample of 

workers. We assume that censoring occurs temporally before other events (exposure, leaving 

work, mortality) within a month. Censoring is operationalized in the cloned data with a 

time-varying censoring indicator, where Cm = 0 means a worker has not exceeded the limit 

before or in month m and Cm = 1 otherwise. For example, for a 1 WLM limit, a worker would 

be censored the first time he had a total exposure within a month > 1 WLM. Observations 

were kept in each data copy up to and including the first artificially censored month, M.

Censoring models: Next, within each data set, we model censoring. We fit separate 

logistic models for the censoring indicator for m = 1 (baseline model) or m > 1 (follow-up 

model). The first model included all workers and modeled the log odds of C1, given time-

fixed covariates and exposure and employment before the first month of follow-up. The 

second model was fit using employed follow-up data and modeled Cm, given time-fixed 

covariates and exposure and employment before the m th month of follow-up, for all months 

after the first month. Both of these models can be given in the same generic form as

Pr Cm = 1 ∣ A‾m − 1, E‾m − 1, L‾m, Z, Em = 1, Cm − 1 = 0; β
= β0 + g A‾m − 1 β1 + g E‾m − 1 β2 + g(L−m − 1)β3 + Zβ4
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where g A‾m − 1  is some function of the history of exposure up to and including time m (eg, 

cumulative exposure at month m − 1 with a cubic spline basis), g E‾m − 1  is some function 

of the history of employment up to and including time m − 1, g L‾m − 1  is some function of 

other time-varying confounders (eg, age) up to and including time m − 1, Z are time-fixed 

confounders, and the β coefficients are vectors of logistic model coefficients. Specific model 

forms are given below. For both m = 1 and m > 1, we fit 2 additional censoring models 

that included only age, which model Pr Cm = 1 ∣ Lm − 1, Cm − 1 = 0; α  and are used for weight 

stabilization.34,35 Here we note that 2 censoring models were used to accommodate our 

example of interest, and in other cases, a single model may be sufficient. Probability of 

censoring was zero after employment ended.

Weight estimation. Let P cens, m
* = Pr(Cm = 1 ∣ A‾m − 1, E‾m − 1, Lm − 1, Z, Cm − 1 = 0; β̂), and 

P cens, m = Pr Cm = 1 ∣ Lm − 1, Cm − 1 = 0; α̂  be predictions from the fitted censoring models (with 

estimated parameters β̂ and α̂). For each individual in the study, for each regime, we 

calculated stabilized weights for every month up to the month of censoring M given by

W m =
j = 1

m < M
1 − Pcens, j / 1 − Pcens, j

*

For denominators of both weight models (which were fit separately for all regimes), logistic 

models estimated the probability of exceeding the limit as a function of age (restricted, 

cubic spline), date of birth (restricted, cubic spline), racialized category (White vs American 

Indian), smoking (ever vs never), and cumulative radon exposure in WLM under a lag of 

5 years (restricted, cubic spline). Numerator models included only a set of terms for a 

restricted, cubic spline on age. Intuition about how this approach addresses healthy worker 

survivor bias is given in Appendix S1, which includes a graphical explanation using directed 

acyclic graphs in Figure S1.

We note that the special case of modeling censoring at baseline is equivalent to modeling a 

point exposure as is often done as an alternative approach to adding terms to a regression 

model for controlling confounding of point exposures. Thus, we could conceptualize the 

factors that enter into the model for censoring at baseline as confounders for the “exposure” 

of having annual radon exposure below a limit at baseline, and the other censoring model 

addresses selection bias that arises when some of those individuals are selected out of the 

analytic set (artificially censored) based on their annual radon levels (see Appendix S2).

Regimes of interest: Regimes of interest for the current study were monthly exposure 

limits based on WLM. We selected 35 limits ranging from 0.33 to 75 WLM and also 

including the “natural course” (no artificial exposure limit, which here is simply the 

observed data, all of which are included with weights = 1.0; in data subject to loss-to-follow-

up, inverse probability of loss to follow-up weights should be used with the observed 

and artificially censored data). Specific values of regimes were chosen because they have 

recently been under consideration for personal exposure limits on radon36 or to yield a 

regularly spaced grid of values (Appendix S3). A total of 75 WLM was chosen as the 
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upper limit because cumulative risk did not increase much beyond this limit. A data set was 

created for each regime following the clone-and-censor approach, and weights were created 

separately for each of these data sets.

Estimating impacts of occupational exposure limits from cloned and censored 
data: We used 2 approaches to estimating impacts of exposure limits: (1) contrasting each 

dynamic regime with a referent regime while ignoring information from other regimes 

(nonpooled approaches) and (2) using a marginal structural model to pool information across 

all 35 dynamic regimes (pooled approach).

Nonpooled, nonparametric estimator: For each regime, we first estimated cumulative 

risk of lung cancer mortality from ages 16 to 90 years using a weighted Aalen-Johansen 

estimator, a nonparametric estimator of cumulative risk under competing risks.37 Under 

causal assumptions of exchangeability, positivity, and correct weight model specification, 

this approach estimates the cumulative risk of lung cancer among the CPUM cohort, had a 

more restrictive personal exposure limit been put in place. Lung cancer mortality is rare after 

age 90 years, so risk through age 90 approximates lifetime risk.

Nonpooled, semiparametric estimator: We also used weighted Cox proportional 

hazards models to estimate cause-specific hazard ratios contrasting the hazard of lung 

cancer mortality under the 75 WLM limit (referent) with the hazard under each hypothetical 

exposure limit. The limits were treated as disjoint indicators in a joint, saturated model for 

all 35 copies of the data (we could have also fit many separate models). This approach is 

more restrictive than the Aalen-Johansen estimator because it assumes proportional hazards 

between the treatment regimes.

Marginal structural modeling (pooled) estimator: We then fit a model to estimate 

the hazard ratio as a smooth function of the exposure limits. First, data for all 35 regimes 

other than the natural course were combined into a single data set. Then, a weighted 

Cox model was fit in which the value of the exposure limit was used as the continuous 

independent variable. This approach is more restrictive than the nonpooled Cox model 

because it assumes a smooth parametric form of the relationship between the hazard and 

the exposure limit under the regime, but it pools information across regimes, thus gaining 

efficiency if that parametric form is correct. If the parametric form is correct, it allows 

prediction of the hazard at any personal exposure limit. To avoid stringent parametric 

assumptions, we modeled exposure limit values flexibly using a restricted cubic spline with 

8 knots.38

We repeated this model with non–lung cancer mortality and used baseline hazard estimates 

from both models to estimate the cumulative risk from ages 16 to 90 at a grid of exposure 

limits, including an extrapolation to risk under no exposure.

All approaches utilized nonparametric bootstrap (resampling individuals with replacement 

and carrying out the entire analysis repeatedly) variance estimators (200 samples), which 

were used to create confidence intervals based on a normality assumption (Figure S2). 

To estimate age-specific cancer risks, we chose age as the time scale of analysis, which 
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necessitates assuming that late entry (eg, workers starting employment after age 16 years) 

on the age time scale (the time scale for analysis) is ignorable.39 Illustrative code for the 

nonpooled approaches in the Julia programming language,40 which was used in analysis, is 

given in Appendix S4.

Sensitivity analyses

We conducted 2 sensitivity analyses for the censoring models in which we added age-at-hire 

(restricted, cubic spline) or age-at-hire and cumulative years worked (1-year lag, restricted, 

cubic spline). We also assessed sensitivity to assumptions about confounding by prior 

exposure by performing an additional analysis that adjusted for recent exposure (monthly 

radon exposure, 2-year lag, restricted, cubic spline) and cumulative time employed (1-year 

lag, restricted, cubic spline). We examined potential sparsity by comparing distributions of 

potential confounders in censored and uncensored observations.

Results

Worker and person-time characteristics are given in Table 1. Fifteen percent of the workers 

had deaths attributed to lung cancer. Workers had high cumulative exposure to radon 

(median across follow-up = 280 WLM, respectively, 5-year lag). Cumulative employment 

was 6 years (1-year lag), averaged over all follow-up time.

Estimated weights for a limit of 0.33 WLM yielded a mean, stabilized weight of 1.71, 

indicating substantial concerns for bias. Thus, we did not use censored data from regimes 

with limits below 0.75 WLM.34 For other regimes, the mean inverse probability weight was 

close to 1.0 (Table 2). Most censoring occurred in the first observation rather than later 

in follow-up. Sparsity was not apparent in tabular analyses, supporting findings from the 

weights (Web Table 1) (available at https://doi.org/10.1093/aje/kwae299).

Semiparametric estimates of the hazard ratio were very similar to estimates from the fitted 

marginal structural model (Figure 2, Table 3). Estimates of cumulative mortality incidence 

derived under the marginal structural Cox model (along with a similar model for competing 

risks) yielded cumulative incidence estimates that also tracked well with nonparametric 

estimates, suggesting that the fitted model produced accurate risk estimates (Figure S3). 

Notably, extrapolating from this model to estimate lung cancer cumulative incidence by age 

90 years at a limit of 0.33 WLM yields an estimate (95% CI) of 0.06 (0.03–0.09). Under 

no exposure, cumulative mortality incidence was negligibly lower (at the levels of rounding 

we used) than the estimate at 0.33 WLM. Nonparametric cumulative mortality incidence 

estimates from ages 16 to 90 years at 1 and 2 WLM are lower but less precise than prior 

estimates from the parametric g-formula (Figure 3).13

Sensitivity analyses suggested that further control for employment or exposure histories did 

not substantially change our estimates of lung cancer risk under the dynamic regimes we 

examined down to 0.75 WLM (Web Tables 1–6).
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Discussion

Personal exposure limits in the occupational setting have a natural interpretation as dynamic 

exposure regimes. We estimated that, among 4127 workers in the CPUM cohort, elimination 

of exposure would have cut lung cancer risk through age 90 years from over 16% to 

just under 6%, a stark demonstration of the hazardously high exposures experienced by 

this cohort. Our approach to contrasting exposure limits in worker cohorts reduces strong 

parametric assumptions of existing approaches. Crucially for using occupational data to 

assess risk from occupational exposures, our approach can reduce concerns about healthy 

worker survivor bias.

The CPUM cohort makes a compelling example for this approach. First, this cohort has 

previously been used to estimate effects of dynamic exposure regimes similar to ones 

we assessed. Second, this cohort has played a role in determining the personal exposure 

limits that workers experience today.41 Third, this cohort is highly exposed, which helps to 

highlight some challenges of assessing risk at low exposure, including the role of model 

specification. Edwards et al13 used the parametric g-formula to estimate that, under a 

dynamic regime that capped all worker exposures at 0.33 WLM, risk through age 90 years 

would have been reduced from 16% to 11%. In contrast, we estimated a reduction to 

6%. There are subtle differences between the dynamic regimes examined. Edwards et al13 

“capped” exposures at a limit by reducing high exposures to exactly the limit, whereas in 

our analysis, the worker exposures followed the empirical distribution of exposures under 

the limit.20 We estimated a risk of 11% at a limit of 7 WLM, in which the weighted 

mean monthly exposure at work was 1.9 WLM. Thus, it is not likely the differences in 

regimes fully explain the different results. Differences between approaches likely also relate 

to model misspecification at low exposures. The parametric g-formula is known to be 

sensitive to model specification issues, and most of the cases (and hence information for 

model fitting) occur among highly exposed workers.42,43 With radon, “inverse dose-rate” 

effects suggest that the exposure-response for cumulative exposure is higher with protracted 

(lower dose-rate) vs acute exposure; in the parametric g-formula, that phenomenon must be 

explicitly modeled and thus subject to misspecification, or effects will be underestimated at 

low exposure limits.44 In contrast, our nonpooled approaches do not utilize a model to pool 

information about the exposure-response between low and high exposures, and our MSM 

agreed broadly with results from the nonpooled approaches.

Our estimated lung cancer risk through age 90 years of nearly 6% is consistent with 

estimates from other occupational populations from a similar era. In prior analyses of other 

US-based occupational cohorts, we estimated a respiratory mortality risk through age 90 

years among unexposed workers of 7% among copper smelters with an average birth year 

of 191212 and a lung cancer mortality risk at age 80 of 6% among a pooled cohort of 

silica-exposed workers with an average birth year of 1926 (unpublished sensitivity analysis 

among 15 158 US-based workers11). Published smoking prevalence among one of the US-

based cohorts was > 80% among workers exposed above the median cumulative exposure 

value,45 which was similar to the prevalence of ever-smoking in our cohort (77%). However, 

applying estimates of lifetime risk among current, former, and never smokers (14.5%, 

7.5%, and 1.5%, respectively) from a Swiss population directly to the CPUM, a smoking 
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prevalence (55%, 32%, 23%) weighted estimate of lifetime lung cancer is approximately 

9%, which is closer to the estimate of Edwards et al.13 Notwithstanding the crudeness 

of these calculations, we intuit that the true risk through age 90 years, had workers been 

unexposed to radon, is likely to be somewhere between our estimate and that of Edwards et 

al.13

A strength of using approaches like our weighting approach or other g-methods like the 

parametric g-formula and structural nested models is that they allow control of confounding 

by time-varying factors that are affected by prior exposures (eg, Naimi et al46). Confounding 

by employment status has been proposed to explain healthy worker survivor bias.1,2,7 

Cumulative radon exposure has been associated with the subsequent hazard of leaving 

work among these miners.15 Thus, adjusting for employment status by including it in a 

regression model for lung cancer is not appropriate for controlling for confounding, although 

the magnitude and direction of bias from such adjustment are unknown.1,2,7 In our approach, 

confounding control is gained by inverse probability weights that account for employment 

status by fitting censoring models to actively employed person-time.

Previously, Robins et al17 cautioned against the use of marginal structural models in 

occupational studies because the probability of occupational exposure among those off work 

is zero, which violates the positivity assumption. Notably, those authors were referring to 

an approach to inverse probability weighting in which one directly models the probability 

density of exposure, which is zero in the stratum of unemployed person-time. We avoided 

the positivity problem by using an alternative strategy to inverse probability weighting, 

which was similar to that proposed by Joffe.28 We modeled the probability of having 

exposure that is consistent with a specific dynamic exposure regime via inverse probability 

of censoring weights.

However, we note that we were still potentially sensitive to practical violations of positivity. 

Workers exposed in the earliest years of the cohort, when no protections were in place, 

may have had high enough exposures such that none of them followed the low-exposure 

regimes of interest. While basic tabular analysis did not suggest sparsity was an issue, 

the mean estimated inverse probability weights deviated from 1.0 at the lowest exposures, 

nonetheless suggesting bias.34,35 Consequently, for dynamic regime limits below 0.75 

WLM, we extrapolated risk estimates from the marginal structural model. Because the 

CPUM is one of the highest exposed miner cohorts, nonparametric estimates of radon’s 

effect in the workplace would benefit from the use of data from lower-exposed cohorts (eg, 

Rage et al47 and Kreuzer et al48). There is substantial heterogeneity between effect estimates 

in cohorts of uranium miners, particularly among the earliest cohorts.49,50

Relative to the parametric g-formula, inverse probability weighting trades fewer parametric 

assumptions for lower precision, as demonstrated in Figure S4. Further, the parametric 

g-formula can estimate effects of a more diverse range of dynamic regime effects; for 

example, the “capped” exposure regime utilized by Edwards et al13 would not be possible 

with inverse probability weighting in our data because it would rely on identifying workers 

whose exposures exactly match the exposure limit. Similarly, we could not estimate effects 

of regimes of the type “always exposed exactly at a specific level” unless we observed a 
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sufficient number of participants for whom that was true. To estimate exposure impacts at 

low doses, the parametric g-formula fits a smooth model to all available data. In contrast, 

our marginal structural modeling approach relied more explicitly (and transparently) on 

extrapolation to low exposures. Thus, we view the inverse probability weighting and 

parametric g-formula methods as complementary, in part because they have different 

underlying assumptions.

We demonstrated a novel application of weighting methods for dynamic regimes to address 

several challenges of occupational cohort studies, including healthy worker survivor bias 

and the direct assessment of new personal exposure limits. The relative simplicity of our 

approach, relative to the parametric g-formula, make this a useful tool in the occupational 

epidemiologists’ toolbox.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Person-time diagram demonstrating how artificial censoring occurred for a sample of 20 

miners with a dynamic exposure regime that sets a monthly personal exposure limit of 5 

working level months (WLM) (Colorado Plateau Uranium Miners cohort). Person-time for 

a given miner is represented by each line. Gray lines represent all observed person-time, 

whereas black lines represent only observed person-time for which a miner had exposure < 

5 WLM (thus, if no black line overlaps a gray line, then that miner exceeded 5 WLM in 

his first month of follow-up and had no observations in the copy of the data representing 

the dynamic regime “if at work, monthly exposures must be < 5 WLM”). Events (censoring, 

mortality) are represented by circles, where black circles represent deaths, white circles 

represent censoring by the end of follow-up, and gray circles represent artificial censoring 

when exposure exceeded 5 WLM during follow-up.
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Figure 2. 
Inverse probability weighted hazard ratios for lung cancer among 4127 White and American 

Indian miners from the Colorado Plateau Uranium Miners cohort. The hazard ratios 

represent contrasts among a series of dynamic regimes expressed as “if at work, exposure 

must be less than X WLM (working level months).” The points represent nonparametric 

estimates of the hazard ratio comparing the hazard of lung cancer at the limit “< 75 WLM” 

to the hazard of lung cancer at 34 different limits described in the text, and the whiskers 

represent 95% confidence intervals. The dashed line and gray band represent the hazard ratio 

and 95% pointwise bootstrap confidence interval from a marginal structural model for the 

hazard of lung cancer by exposure limit, the fitting of which is described in the main text. 

The horizontal axis is truncated at 20 WLM for clarity.
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Figure 3. 
Cumulative lung cancer mortality risk estimates (lines) and 95% pointwise bootstrap 

confidence intervals (bands) from ages 16 to 90 years among 4127 White and American 

Indian miners from the Colorado Plateau Uranium Miners cohort. The estimate under “no 

intervention” is the nonparametric estimate in the observed data, while both estimates for 

both exposure limits are inverse probability weighted nonparametric estimates.
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