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Abstract 

Background: Medical radiologic technologists are routinely exposed to 

protracted low-dose occupational ionizing radiation. The U.S. Rad Tech (USRT Study) 

was begun in 1982 by the National Cancer Institute in collaboration with the University 

of Minnesota School of Public and the American Registry of Radiologic Technologists to 

investigate potential health risks from occupational ionizing radiation. Ionizing radiation 

exposures have been associated with cataracts, which if left untreated can lead to visual 

impairment or blindness. Phenotypes of cataracts are characterized by their location in 

the eye lens and include posterior subcapsular and cortical cataracts (most commonly 

associated with ionizing radiation), and nuclear cataracts (associated with age).  

Methods that allow investigators to flexibly examine the extent of heterogeneity 

across many covariate strata are needed to help characterize the extent of any 

heterogeneity. One such potential method is boosted regression trees, a machine learning 

ensemble model that is particularly well suited to prediction while incorporating 

interactions. As prediction is becoming increasingly important for epidemiologic 

investigations (causal inference methods commonly require the use of prediction), 

exploration of the utility of machine learning methods in epidemiology is warranted. 

Occupational epidemiologic cohort studies are often susceptible to selection bias 

from the healthy worker survivor effect (HWSE), whereby less healthy individuals leave 

work and accrue less exposure compared to healthier individuals who stay at work and 

continue to accrue exposure. As a result, the association between exposure and an 

outcome may be attenuated, or even reversed in some cases. G-methods are a family of 
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analytical tools that were developed to address situations that may be affected from time-

varying confounding and structural bias as seen in the HWSE. One such method, the 

parametric g-formula, is a rigorous computational model that has been used to correct 

effects estimates for potential bias from the HWSE. 

 Objective: The overall objective of this research is to explore the relationship 

between protracted low-dose exposures to occupational ionizing radiation and the risk of 

cataracts in medical radiologic technologists in the United States and its territories, and to 

propose methodologic techniques to help estimate causal effects in such settings. The 

overall objective of this research will be accomplished in three separate manuscripts. 

 Manuscript 1: Aim: To estimate the overall association between protracted 

exposure to low-dose occupational ionizing radiation and incident cataracts in medical 

radiologic technologists. Methods: Cox regression models were used to model time to 

cataract predicted by ionizing radiation. Technologists were followed from year first 

worked as a radiologic technologist starting at age 18 or older, until report of cataracts or 

administrative censoring at the third survey. Results: After adjustment for birth year, sex, 

and race / ethnicity (N=69,798), ionizing radiation was significantly associated with 

increased hazard of cataracts with a time-varying effect (p<0.001) that while initially 

elevated, decreased over time. Hazard ratios of cataract per 10-mSv increment of 

radiation were statistically significant at age 20 [HR=1.09; 95% CI = (1.04, 1.14)] and 

age 30 [HR = 1.04; 95% CI = (1.00, 1.09)], but were not significant after age 30. 

Sensitivity analyses indicated strong evidence that selection bias from the HWSE were 

present and may have explained the time-varying effect. Additionally, a literature review 
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found five population-based studies of cataract subtype prevalence over time, and 

indicated that there was potential for misclassification of cataracts in the USRT study that 

may have biased effect estimates. 

Manuscript 2: Aim:  Use boosted regression trees to fully characterize the 

distribution of the effect of occupational ionizing radiation on cataracts in medical 

radiologic technologists. Methods: A boosted regression tree model was used to build a 

prediction model of cataracts. The cohort was restricted to those ages 24–44 at baseline 

(N=43,513). Predictions from the model were used to calculate risk differences of 

cataracts between high dose (75th percentile of observed badge dose: 61.31 mSv) and 

low-dose (25th percentile of observed badge dose: 23.90 mSv) occupational ionizing 

radiation in strata of potential effect modifiers. Results: Overall, there was a significant 

population average effect [RD=0.002; 95% CI = (0.002, 0.015)]. Additionally, subgroups 

were found with larger risks than the population average including those born earliest, 

those with diabetes, macular degeneration, glaucoma, or were overweight (BMI > 25) at 

baseline. Those who were youngest and those without macular degeneration conversely 

had lower risk differences compared to the average.  

Manuscript 3: Aim: Use the parametric G-formula to adjust effect estimates for 

the healthy worker survivor effect in the estimated risk of incident radiogenic cataracts in 

medical radiologic technologists. Methods: The parametric g-formula was used to 

estimate cataract risks under different hypothetical scenarios limiting badge dose in five-

year periods to the 80th percentile (badge dose ≤ 18.38 mSv), 60th percentile (badge dose 

≤ 9.06 mSv), 40th percentile (badge dose ≤ 4.47 mSv), and 20th percentile (badge dose ≤ 
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2.08 mSv) of observed dose, and a 5-mSv reduction in dose estimates in each period over 

follow-up (N=69,798). Cumulative incidence risks and risks conditional on survival of 

cataracts from these treatment regimes were compared to the status quo (no intervention 

of dose) with risk differences and 95% confidence intervals. Substantively important 

differences in both cumulative incidence of cataracts and conditional risks of cataracts 

between the natural course and treatment regimes were found. There was evidence that 

decreasing the dose of radiation exposure could reduce the risk of cataracts, even at 

relatively early ages. 

Conclusion: Overall, our results indicate that low-dose occupational ionizing 

radiation exposures elevate the risks of cataracts in medical radiologic technologists in 

the USRT Study, as our three manuscripts found significant associations between 

occupational ionizing radiation and cataract risks. Additionally, methods were proposed 

to explore heterogeneity of effects and improve the causal interpretation of effect 

estimates in the association between ionizing radiation and cataracts. Validation of 

cataracts is warranted and future studies would benefit from information regarding 

phenotypes of cataracts. 
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The organization of this thesis provides an initial introductory chapter followed by three 

individual papers and a concluding chapter. Because the three individual papers are in 

preparation for peer-review, there may be some redundancy in material. 
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Chapter 1  

Introduction 

 

 Medical radiologic technologists are healthcare professionals that perform imaging 

of the human body and anatomy to assist in diagnostic evaluation and treatment of 

disease. They specialize in radiography, nuclear medicine, radiation therapy, and other 

imaging specialties. Radiologic technologists are routinely exposed to occupational low-

dose ionizing radiation and may be at risk for developing health conditions from their 

work exposures. Ionizing radiation is known to cause tissue damage in the human body1 

and is associated with health risks such as cancers2 and cardiovascular disease.3 

Additionally, ionizing radiation has been found to be associated with lenticular opacities, 

or cataracts, that when left untreated lead to visual impairment and blindness.4 For this 

reason, the National Cancer Institute (NCI), the University of Minnesota School of Public 

Health, and the American Registry of Radiologic Technologists (ARRT) began the U.S. 

Rad Tech (USRT) Study5 to investigate the possible health risks from protracted low-

dose occupational ionizing radiation exposures. The USRT Study eligible cohort 

(N=146,022) included all medical radiologic technologists in the United States and its 

territories certified by the ARRT for more than 2 years prior to 1982. A baseline 

questionnaire (Q1: 1984–1989) was sent to 132,454 technologists assumed to be still 

alive and completed by 104,504. The second questionnaire (Q2: 1994–1998) was sent to 

126,628 participants assumed to be alive at that time and completed by 90,972. And the 
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third questionnaire (Q3: 2004-2006) was sent to the 102,357 technologists assumed to be 

alive and had completed the first and / or second questionnaire, and was completed by 

73,625.  

 Radiation is the transfer of electromagnetic energy and comes in the form of 

ultraviolet radiation, cosmic radiation, and ionizing radiation. Ionizing radiation has the 

ability to remove electrons from an atom, thus creating ions. Differentiated by the source 

of energy, ionizing radiation comes from gamma radiation, where gamma rays are 

emitted from the nucleus of an atom, or X-rays, which are propagated from electrons 

located outside of the nucleus. X-rays were first discovered by Roentgen in 1895 and 

quickly came into use for medical purposes.6 It was not immediately clear that the X-rays 

could cause damage to the human body, but it became apparent that tissue damage could 

occur from radiation.6 It is now known that ionizing radiation can damage or alter the 

DNA in a cell. However, as more became known about the controlled use of ionizing 

radiation, the benefits for both the diagnostics and treatment of disease could be garnered 

without loss of safety. For example, X-rays are used to locate broken bones or tumor 

growths, radioactive material may be injected into the body to follow the movement of 

the radiation through the body, and treatments for cancer may use radiation to promote 

tumor cell tissue death.  

 The use of medical radiation is steadily increasing in the United Sates. It was 

estimated in 1982 that the per capita dose was 0.54 mSv and the population collective 

dose was 124,000 person-Sv. This had increased in 2006 by almost 600% to 3.0 mSv per 

capita and over 700% to 900,000 person-Sv for the population collective dose.7 Radiation 
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dose is measured in different quantities depending on the radiation source, the specific 

tissue in the body, and the potential for harm to the body. These quantities are referred to 

as absorbed dose, which is the quantity of energy from ionizing radiation deposited in a 

specific tissue or organ measured in milli-Grays (mGy), and effective dose equivalent (or 

dose equivalent), which is calculated from the absorbed dose to all organs in the body, 

the relative harm from the source of radiation, and the different sensitivities of tissues in 

the body and is measured in milli-Sieverts (mSv).8 Although occupational protective 

practices are in place for the use of ionizing radiation in medical settings,9 it is still 

important to continue actively researching the effects of occupational ionizing radiation 

on medical professionals. 

 The etiology of cataracts is most likely multifactorial.  Many risk factors include 

age,10 diabetes mellitus,11 obesity,12 hypertension and cardiovascular disease risk 

factors,13,14 use of corticosteroids,15 genetics,16 alcohol and tobacco use,17 trauma to the 

eye,18 ultraviolet radiation,19 and ionizing radiation.20 Phenotypes of cataracts are 

characterized by their location in the lens of the eye and include posterior subcapsular 

(located in the posterior pole of the lens), cortical (begins at the outer edge of then lens 

and moves inward), nuclear (located in the center of the lens) and mixed types (any 

combination of the three individual subtypes).21 Ionizing radiation is mainly associated 

with posterior subcapsular and cortical cataracts.22–24 Acute exposures of ionizing 

radiation have been associated with cataracts in Hiroshima atomic bomb survivors23 and 

infants treated with radiologic agents.25 Smaller doses of ionizing radiation have been 

associated with cataracts in those exposed to contaminated-building materials,26 
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astronauts,27 airline pilots,28 cardiologists,29 industrial radiographers,30 and Chernobyl 

clean-up workers.31 The relationship between protracted low-dose occupational ionizing 

radiation exposures and risks of cataracts is still an active area of research, and the USRT 

Study with its large cohort and extensive follow-up is uniquely capable of investigating 

risks of cataracts from low-dose ionizing radiation exposures. The goal of manuscript 1 is 

to investigate the relationship between protracted low-dose occupational ionizing 

radiation exposures in medical radiologic technologists in the USRT Study and their risks 

of cataracts. 

 Though rarely used in epidemiology, machine learning and data mining techniques 

have been developing in the field of computer science concurrently to the development of 

some of the standard regression models employed in epidemiology such as Cox 

regression, generalized linear, and generalized additive models. The strengths of machine 

learning techniques like neural networks, regression trees, and boosting include 

predictions and identifying patterns from data. Their limited use in epidemiology may be 

from a lack of training in this area, but also because they are less easily interpretable as 

compared to results from a standard regression model. However, prediction is relevant for 

the epidemiologist, and the exploration and use of such techniques in epidemiologic 

studies are warranted. 

 Standard analyses in epidemiologic investigations often assume homogeneous 

effects, i.e. that the effect estimate is constant over strata of all the other covariates in the 

model.32 Epidemiologists often implement analyses by assuming homogeneity of effect 

and heterogeneity is often ignored. As a result, reports of epidemiologic investigations do 
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not always consider ways to express heterogeneity in their results and typically rely on 

tests of significance for differences in effects between a limited number of strata.33 

Standard regression models have difficulty with these types of situations and tend to have 

poor power to detect effects.34It is difficult enough to describe an interaction between a 

main effect and one variable let alone two or more variables. Typically as a result of 

these limitations, non-significant interactions are excluded and the statistical model is 

biased toward main effects. Furthermore, model building by the analyst, though 

systematic, may overlook important interactions in the statistical (and physical) model. 

However, heterogeneity is not an unrealistic assumption in epidemiologic studies. That 

an exposure has a different effect for different groups of people based on their covariate 

patterns is likely the rule rather than exception. Therefore, it is beneficial for the 

epidemiologist to have tools that allow the investigation of heterogeneity in effect 

estimates across different covariate patterns, and meaningful ways to communicate these 

results to a general audience.  

 Boosting is one of the most powerful machine learning ideas introduced in the 

last twenty years and is one of the ensemble machine learning methods. Boosting is a 

general procedure that combines the outputs of many simple models to produce a single 

model, often called a “powerful committee”. Any type of statistical model (e.g. linear or 

logistic regression) can be used in a boosting algorithm; however, classification and 

regression tree (CART) models have become the most widely adopted.35 CART models 

are intuitive and easily interpretable and have several desirable properties including (1) 

their ability to handle various types of responses, (2) complex interactions are modeled 
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simply, (3) they are invariant to monotonic transformations.36 Boosted regression trees 

(BRT), combines boosting and CART models while drawing on developments from 

statistics and computer science. BRT have been shown to have excellent predictive 

properties while easily incorporating interactions.37 Once a prediction model is obtained, 

that model can be used to look at the effect measure of interest for any desired covariate 

pattern. For example, risk differences of radiogenic cataracts can be obtained from the 

prediction model for every possible covariate patterns and plotted as a histogram (e.g. the 

RD for high vs. low radiation exposure among Blacks, among Whites, among those born 

in the 1930’s, 1940’s, and so on). The goal of manuscript 2 is to use a BRT model to 

build a prediction model of the risk of cataracts from low-dose occupational ionizing 

radiation exposure and characterize the distribution of effects. 

Often, the goal of an occupational epidemiologic study is to estimate a causal 

effect between a workplace exposure and a health outcome. For example, in the present 

study we are seeking to estimate the effect of occupational ionizing radiation on the risk 

of cataracts in medical radiologic technologists. Effect estimates from the study’s results 

may inform current occupational health regulatory practices. It is only meaningful to do 

this if it is possible to causally interpret the effect estimate in this relationship. However, 

for reasons of study design or other characteristics of the data, confounding bias can limit 

causal inference of effect estimates. Incomplete control of confounding is a well-

recognized source of bias and must be accounted for when estimating effects of 

exposures.38 The healthy worker effect (also referred to as healthy worker survivor bias) 

has long been known as a common source of confounding in occupational health 
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epidemiologic studies.38–41 The healthy worker effect was first recognized in 1885 by 

Ogle with the observation that individuals change job tasks, occupations, and leave 

employment based on health status.42 It is now described as a combination of different 

processes that lead to bias in effect estimates. One such process involved in the healthy 

worker effect is apparent when comparing mortality and health status of occupational 

cohorts to the general population. Individuals with poorer health status and pre-existing 

health conditions are often not selected for employment for a variety of reasons (e.g. 

unable to look for work, less likely to be hired by employers). As a result, occupational 

cohorts are often healthier than the general population due to the selection of individuals 

into the workforce. Direct comparisons between these two groups are not informative. 

Robins described the healthy worker bias as the result of time-varying 

confounding from work status that occurs when a participant leaves the work place as a 

result of previous exposure, hereafter called the healthy worker survivor effect 

(HWSE).43 Healthier workers continue to accrue exposure while less-healthy individuals 

drop out of the study and accrue less exposure; this may attenuate (or even reverse) the 

relationship between exposure and disease.42 To address this type of confounding, Robins 

first introduced g-methods and the parametric g-formula to account for the HWSE43 and 

adjust effect estimates for time-varying confounding in epidemiologic studies.44–46 G-

methods include g-estimation of structural nested models, marginal structural models, 

and the g-formula (parametric and non-parametric). Though applications of these 

methods are increasing, there have been relatively few examples of the g-formula in use 

until recently due to its rigorous computation.40,47–50 
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The g-formula can be used quite generally for many applications. Because there is 

a structural problem inherent in the HWSE (e.g. technologists can only be exposed to 

occupational ionizing radiation while at work) standard methods fail to properly account 

for it in effect estimates. Briefly (more detail will follow in Chapter 4), adjustment for 

work-status in the regression model (a common solution to account for the HWSE) would 

induce a type of bias known as collider-stratification bias.51 The g-formula is able to 

account for time-varying exposure (occupation ionizing radiation) and time-varying 

confounding (work-status) that is affected by previous exposure, and not introduce 

collider-stratification bias.52 Therefore, we aim to use the parametric g-formula in the 

present study to account for the HWSE in the USRT cohort.  

In the longitudinal setting, the parametric g-formula is straightforward to 

conceptualize as an extension of traditional epidemiologic standardization that is applied 

over many time points. Parametric models are built that predict the outcome (as well as 

other covariates) conditional on exposure (and other covariates). These parametric 

models are used to predict the potentially counterfactual outcomes. This leads to a natural 

comparison of “what would have happened” to the whole population under different 

hypothetical interventions. This can be thought of as an imputation-based causal 

inference method.48 Similar to the use of imputation to complete datasets with missing 

data, the parametric g-formula uses imputation to fill missing counterfactual observations 

of participants that have only one observed observation for their exposure state.53 The 

goal of manuscript 3 is to use the parametric g-formula to analyze risks of cataracts from 

occupational ionizing radiation in medical radiologic technicians in the USRT Study 
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under various exposure levels, adjusting them for potential bias from the HWSE. 

 

Objective 

 The overall objective of this research is to explore the relationship between 

protracted low-dose exposures to occupational ionizing radiation and the risk of cataracts 

in medical radiologic technologists in the United States and its territories, and to propose 

methodology that may improve exploring heterogeneity of effects in the exposure-disease 

relationship and causal inference from estimates in this association. 

 

Specific Aims 

 The overall objective of this research will be accomplished in three separate 

manuscripts through the following specific aims: 

 

Manuscript 1 

1) To estimate the overall association between protracted exposure to low-dose 

occupational ionizing radiation and incident cataracts in medical radiologic technologists. 

Hypothesis 1: Protracted exposure to low-dose occupational ionizing radiation 

increases the risk of incident cataracts in medical radiologic technologists. 

 

Manuscript 2 

2.) Use boosted regression trees to fully characterize the distribution of the effect of 

occupational ionizing radiation on cataracts in medical radiologic technologists. 



 

  10 

Hypothesis 2: Occupational ionizing radiation exposures will have different 

effects on cataracts in different subgroups of medical radiologic technologists. 

 

Manuscript 3 

3.) Use the parametric G-formula to adjust effect estimates for the healthy worker 

survivor effect in the estimated risk of incident radiogenic cataracts in medical radiologic 

technologists. 

Hypothesis 3: After adjustment for the healthy worker survivor effect using the 

parametric g-formula, there will be an elevated risk of cataracts from occupational 

ionizing radiation in medical radiologic technologists. 
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Chapter 2  

Manuscript 1. Self-reported incident cataracts following protracted low-dose 

occupational ionizing radiation exposures in U.S. medical radiologic 

technologists  

 

 

Introduction 

 Cataracts are a clouding of the lens that can cause visual impairment and 

potentially lead to blindness. The etiology of cataracts is not fully understood but is most 

likely multifactorial, with risk factors including age,54 genetics,16 diabetes,11 

hypertension,13 cardiovascular disease risk factors,14 obesity,12 ultraviolet (UV) 

radiation,19 use of corticosteroids,15 tobacco and alcohol use,17 and trauma to the eye.18 It 

has been well documented that the lens is radiosensitive with cataract formation resulting 

from exposures to radiation.4,20,55 Studies have concluded that the development of 

radiation-induced cataracts are a latent effect of acute radiation exposures seen in the 

Hiroshima atomic bomb survivors23 and infants treated with radiologic agents.25,56 

Though there has also been evidence of cataracts from lower-dose ionizing radiation 

exposures in airline pilots,28 cardiologists,29,57 astronauts and cosmonauts, 24,27,58 clean-up 

workers from the Chernobyl nuclear reactor accident,59 and individuals exposed to 

radioactive contamination in building materials,26 the risk of cataracts from protracted 

low-dose exposures to ionizing radiation, particularly in occupational settings, is still an 

active area of research.  
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Of interest to the present study are medical radiologic technologists in the U.S. 

Rad Tech (USRT) Study. It constitutes the largest occupational cohort of medical 

radiologic technologists in the world, and with its extensive follow-up, is uniquely 

capable of investigating risks of cataracts from protracted occupational ionizing radiation 

exposures. Cataract types are characterized by their location in the lens and include 

nuclear, cortical, posterior subcapsular, and mixed types.21 Ionizing radiation exposures 

are most commonly associated with posterior subcapsular cataracts22 located in the 

posterior pole of the lens, but have also been associated with cortical cataracts.23,24 

Previous report of cataracts in the USRT Study were ascertained by self-report for any 

type of cataract and had a positive association with occupational ionizing radiation, 

though it was not statistically significant.60 However, recent methodological 

enhancements made to the dosimetric system for occupational ionizing radiation 

exposures in this cohort61 warrant further investigation of the potential risks of cataracts 

from occupational exposures to ionizing radiation. Utilizing the new dosimetric exposure 

information we addressed the following aim in this study: to estimate the overall 

association between protracted exposures to low-dose occupational ionizing radiation and 

self-reported incident cataracts in medical radiologic technologists.  

 

Methods 

Study Population 

 The USRT Study began in 1982 as a collaborative effort between the American 

Registration of Radiologic Technologists (ARRT), the National Cancer Institute, and the 

University of Minnesota School of Public Health.5 The study cohort includes medical 
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radiologic technologists certified in radiography, nuclear medicine, radiation therapy and 

other imaging specialties. Briefly, a cohort of all radiologic technologists who were 

certified by the ARRT for more than 2 years prior to 1982 and were residents of the 

United States and its territories were eligible to participate in the study (N=146,022).  A 

baseline questionnaire (Q1: 1984–1989) was mailed to 132,454 radiologic technologists 

assumed to be alive and was completed by 104,504 participants. A second questionnaire 

(Q2: 1994–1998) was sent out to 126,628 technologists and completed by 90,972. The 

third questionnaire (Q3: 2004–2006) was sent out to the 102,357 study participants that 

had completed the first and / or second questionnaire assumed to be still alive, and was 

completed by 73,625 technologists.  

 

Cataracts 

 Cataracts were ascertained from self–report on the third survey (Q3: 2004–

2006). On Q3, participants were asked, “Did a doctor ever tell you that you had any of 

the following eye conditions?” followed by options for macular degeneration, cataract, 

and glaucoma. Participants were directed to provide the year they were first diagnosed for 

the conditions for which they marked YES. If participants marked YES for cataract, they 

were additionally asked if they had any cataracts removed and the year of first extraction. 

 

Occupational Ionizing Radiation  

The historical dose reconstruction for occupational ionizing radiation exposure 

estimates of the participants in the USRT Study was recently revised and is reported 

elsewhere in detail.61 Briefly, the dosimetric system for occupational ionizing radiation 
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incorporated information from a variety of sources including: individual cohort badge 

dose measurements where available (badge readers are worn by the technologist to record 

radiation dose); published badge dose estimates from 11 publications for years preceding 

1960; information gathered from the Rad Tech questionnaires (Q1, Q2, and Q3) about 

personal protective measures (e.g. lead apron use, placement of badges); the number of 

years and hours per week worked as a radiologic technologist; the types of procedures 

performed (e.g. X-rays, fluoroscopy); the type of facility (e.g. hospital or clinic), as well 

as work in military or civilian locations; and information about historical technical 

specifications and regulatory occupational dose limits. Organ dose conversion 

coefficients were calculated62 and used in the individualization of organ dose estimates. 

For each participant, individual annual probability density functions of badge dose were 

developed to capture the range of plausible values of the technologists’ true annual badge 

dose based on the information about the population dose distribution, period specific 

protection practices, and individual work-related characteristics. Multiple values were 

drawn for each technologist using Monte Carlo simulation techniques and the final 

measurement was reported as the arithmetic mean from the dose realizations. The final 

dosimetry model estimates resulted in annual badge dose (mSv) measurements and organ 

dose (mGy) measurements for 12 organs including the eye lens for 110,000 participants.  

 

Ultraviolet Radiation 

From the 73,625 cohort members who completed the third survey, UV exposure 

information collected included past sun exposure (time spent outdoors) during different 

age ranges (<13, 13–19, 20–39, 40–64, ≥65) and location of residence (city, state, 
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country) during those ages. Participants were asked, “When you were (this AGE), on 

weekdays (between the hours of 9AM and 3PM), about how many hours per day did you 

usually spend in strong sunlight?”, with options of 0, less than 1 hour, 1–2 hours, 3–4 

hours, or 5–6 hours. The question was repeated for weekends in summer. Additionally, 

environmental UV exposures were obtained by linking reported geographic locations 

during the same ranges with NASA's Total Ozone Mapping Spectrometer database63 

which provides daily information on noon-time erythemal dose estimates (UVA and 

UVB). Mean values for summer months during 1978–2003 were selected and assigned 

values of UV ambient exposure to individuals.64 Ambient exposures were assumed to be 

the same for years of exposure preceding 1978 and would reflect the relative differences 

in UV levels between locations. The final measure of environmental exposure was 

cumulative from birth up to each year of observation. 

 

Health Conditions and Characteristics 

  Health conditions were coded as ‘Yes’ if a participant had reported a condition for 

any of the first three surveys, and ‘No’ if they had never reported the condition. Selected 

health conditions included known potential risk factors of diabetes, hypertension, 

myocardial infarction, stroke, and other cardiovascular diseases (e.g. angina pectoris). 

Smoking was ascertained on all three surveys and categorized as Ever / Never.  Body 

mass index (kg / m2) was calculated at baseline from self-reported weight and height at 

Q1 or Q2, whichever was the first survey completed. 

 

Statistical Analysis 
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Descriptive analyses (e.g. means, medians, frequencies, proportions, standard 

deviations, and ranges) were used for participant characteristics for the entire study 

population, and by cataracts and cataract extraction.  

For the present study, participants were followed from age first worked as a 

medical radiologic technologist with age 18 being the earliest start point, until report of 

cataracts or date of completion of the third questionnaire. Participants missing 

information on cataracts (N=7), those reporting a diagnosis of cataract but missing year 

of diagnosis (N=651), missing occupational radiation exposures (N=5), had unlikely 

survey responses (N=3), reported never working as a radiologic technologist (N=597), 

had any occupational exposures before age 18 (N=2,439) or a cataract diagnosis before 

age 18 (N=51), had a cataract diagnosis before beginning work as a technologist (N=15), 

had missing data for date of Q3 completion (N=6), had only one year of observation 

(N=6), or had been asked to be removed from the study (N=1) were dropped from the 

analyses leaving a total sample of 69,844. Beginning at age of first employment, 

participants were followed until report of cataract diagnosis or administrative censoring 

at completion of Q3. Using chronologic age as the time scale,65 Cox regression models 

were used to estimate the relative hazard of cataracts associated with cumulative 

occupational ionizing radiation exposures up to the given age using badge dose (mSv) 

estimates. Additionally, to test the linearity of dose-response a quadratic term for dose 

was included in the model. Self-reported cataract diagnosis was used as the outcome and 

individual occupational ionizing radiation exposures were summed up to each year of 

observation. The proportional hazards assumption was tested for all variables in the 

model. Because initial results for this aim produced somewhat counter-intuitive results in 
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which the association with radiation exposure varied by age at follow-up, we further 

conducted two sensitivity analyses as possible sources of this result: 1) we evaluated 

whether lack of specificity regarding cataract type in this cohort could bias associations; 

and 2) we quantitatively evaluated whether the healthy worker survivor effect (HWSE) 

could bias the association between occupational ionizing radiation and cataracts in 

medical radiologic technologists. 

 

Sensitivity Analysis 1: Bias from lack of cataract specificity 

To evaluate whether lack of specificity regarding cataract type in this cohort could 

bias associations, a literature review was conducted to estimate age-specific prevalence of 

cataracts by cataract subtype: nuclear, cortical, and posterior subcapsular cataracts. Five 

population-based studies were found from 1997-2006 from different regions in the world 

including Barbados,66 Tanzania,67  Taiwan,68 Los Angeles, CA69 and Australia.70 Age 

ranges varied for each study, but the overall range included ages 40-90. Data were pooled 

to calculate age-specific prevalences of each subtype (nuclear, cortical, and subcapsular) 

separately in 10-year increments for the total pooled sample (N=20,988). Additionally, 

the relative proportion of each subtype was estimated by age group for three 

comparisons: 1) the relative proportion of each subtype to one another; 2) the relative 

proportion of posterior subcapsular cataracts only to cortical and nuclear cataracts 

grouped together; and 3) the relative proportion of posterior subcapsular and cortical 

cataracts grouped together to nuclear cataracts only. These comparisons were chosen to 

compare the proportion of subtypes more commonly associated with radiation exposures 
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(posterior subcapsular and cortical cataracts) to those associated with age (cortical 

cataracts) over time. 

 

Sensitivity Analysis 2: Healthy Worker Survivor Effect 

Occupational cohorts are often susceptible to bias from the HWSE.42,71 In studies 

with cumulative exposures, healthy individuals are likely to accrue higher exposures as 

compared to less healthy individuals who may leave work due to their poor health, thus 

attenuating, or even reversing, the true relationship between the exposure and the health 

outcome.72 Because of the potential for the healthy worker survivor effect bias, a full 

assessment of the component associations was warranted. Recent work by Naimi et al.39 

provided a useful framework to identify the component associations of healthy worker 

survivor bias.  

 Figure 1 shows a directed acyclic graph for the HWSE and is comprised of three 

key components that all need to be present to indicate strong evidence of the HWSE. 

Component 1 is the relationship between previous exposure and subsequent work status; 

component 2 is the relationship between previous work status and subsequent exposure; 

component 3 is the relationship between work status and the outcome of interest.  

 To estimate components associations, data was transformed into a person-year 

format, so that there was one observation for each year of follow-up for each person. To 

evaluate the association in component 1, occupational ionizing radiation was lagged both 

one year and ten years, and a pooled logistic regression model was used to predict work-

status (leaving work) for the subsequent year conditional on the prior year and 10-year 

prior radiation dose. The association in component 2 already existed since occupational 
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exposure to ionizing radiation was only possible if an individual worked in a given year, 

thus inducing a relationship between work status and subsequent exposure. Component 3 

was evaluated using a Cox regression model of time-to-cataracts predicted by work status 

(leaving work) for 1) the total sample; 2) those that leave work and don’t return; and 3) 

those with intermittent work status. 

 

Results 

  The 69,844 medical radiologic technologists in the study sample had 2,470,569 

years of person-time (Mean=35.4 person-years) ranging in observation from 18 to 97 

years of age. Participants were predominantly female (78%), White (95%), married or in 

a married-like relationship (68%), with a college education or more (78%), and had mean 

age 57.0 years (SD=8.7) at Q3. Cataracts were reported by 13% (N=9,060) of the sample 

with a mean age of cataract diagnosis at 62.1 years (SD=10.3). Cataract extractions were 

reported by 5% (N=3,391) with a mean age of cataract diagnosis of 66.1 years 

(SD=11.3). See Table 1 for summary statistics of the full sample and by report of 

cataracts and cataract extractions, separately. The highest percentage cataracts were 

reported between the ages of 65–69 (19%), with a large majority between the ages of 55–

65 (see Table 2 for details). 

 After adjustment for sex, race/ethnicity, and birth year, badge dose was associated 

with an increased rate of reported cataracts (N=69,798 without missing information on 

baseline covariates). This association had a statistically significant time varying effect 

(p<0.001). Additionally, the quadratic term for badge was dose was significantly time 

varying (p<0.001). However, as the hazard ratios using the quadratic terms for dose were 
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nearly identical to the hazard ratios from the model with only the linear term for dose, the 

final model included only the linear term. Table 3 shows the hazard ratios and 95% 

confidence intervals of cataracts for badge dose per 10-mSv increment of dose estimated 

at ages 20 [HR=1.09; 95% CI= (1.04, 1.14)], 30 [HR=1.04; 95% CI = (1.00, 1.09)], 40 

[HR=1.03; 95% CI = (0.99, 1.07)], 50 [HR=1.02; 95% CI = (0.98, 1.07)], 60 [HR=1.01; 

95% CI = (0.97, 1.06)], and 70 [HR=1.01; 95% CI = (0.97, 1.05)]. As shown, hazard 

ratios were elevated at younger ages and decreased monotonically with greater age. 

Similar results were seen with models of eye lens dose (mGy), and with adjustment for 

ultraviolet radiation (environmental exposures and time spent outdoors), age first worked 

as a technologist, and health characteristics and conditions (body mass index, smoking, 

report of hypertension, diabetes, stroke, myocardial infarction) though these are not 

reported here.  

 Figure 2 shows the results of the pooled analyses of cataract type by age from the 

five population-based published studies (N=20,988) for the first sensitivity analysis. In 

the top left corner, the prevalence of each subtype of cataract increases with age, though 

posterior subcapsular cataracts appear to have lower rates of increase over time. In the 

top right corner, the relative prevalence of each subtype is compared to one another; at 

younger ages cortical cataracts constitute a larger proportion of overall cataracts. By age 

70, the proportion of cortical cataracts is approximately equal to nuclear cataracts. 

Posterior subcapsular cataracts appear to be relatively constant over time with a little over 

10% of the total cataracts compared to the other two types. In the lower left corner is the 

comparison of the relative proportions of cortical and nuclear cataracts combined to 

posterior subcapsular cataracts only. The relative prevalences appear to be constant over 
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time with posterior subcapsular again with around 10% of the total cataracts over time. 

The lower right corner is the comparison of posterior subcapsular and cortical cataracts 

combined to nuclear cataracts only. The posterior subcapsular and cortical cataracts 

combined comprise 80% of the total cataracts at age 40 and decreases to below 60% by 

age 70 and stabilizes until age 90. 

 Table 4 shows the results of the second sensitivity analyses of the component 

associations of the healthy worker survivor effect. For component 1, the relationship 

between previous exposure and leaving work, a 1-year lag of a 100-mSv increment of 

badge dose was significantly associated (p<0.001) with a 56% decrease in the odds of not 

working (OR=0.44, 95%CI=[0.43, 0.44]). Similarly, a 10-year lag of a 100-mSv 

increment of badge dose was significantly associated (p<0.001) with a 43% decrease in 

the odds of not working (OR=0.57, 95%CI=[0.57, 0.58]). The Cox regression models for 

component 3 showed a significant (p=0.001) increase in the hazard ratio of cataracts 

when not at work for the entire sample (HR=1.14, 95%CI=[1.05, 1.23]). The association 

was similar for those who had intermittent work status (HR=1.17, 95%CI=[1.05, 1.31]), 

and even stronger for the sub-sample of individuals that left work as a radiologic 

technologist and did not return (HR=1.74, 95%CI=[1.38, 2.20]). 

 

Discussion 

The present study found a significant association between cataracts and 

cumulative occupational ionizing radiation for both badge dose (mSv) and eyelens dose 

(mGy). This relationship varied significantly over time; The HR was most elevated at 

younger ages and decreased over time. Additionally, strong evidence was found to 
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indicate the presence of the healthy worker survivor effect, with significant results found 

for all three of the HWSE component associations.  Cumulative badge dose exposures 

lagged both 1 and 10 years were associated with staying at work for component 1.  

Component 2 existed a priori, while leaving work was significantly associated with report 

of cataracts for the entire sample and the subgroup analyses for intermittent work status 

and those who leave work and never return for component 3. 

Our main result of an elevated risk of cataract is consistent with findings from 

recent research on the risks of cataracts from protracted low-dose occupational ionizing 

radiation in a cohort of Chinese industrial radiographers30 where exposed workers were 

more likely than unexposed workers to develop cortical cataracts [HR=2.58; 

95%CI=(1.36, 3.82)] and posterior subcapsular cataracts [HR=3.57; 95%=(1.27, 4.79)], 

but not nuclear cataracts [HR=0.93; 95%CI=(0.78, 1.11)]. A previous report of cataracts 

in the USRT cohort found technologists in the highest dose category (eye lens dose: 

mean, 60 mGy) compared to the lowest dose category (eye lens dose: mean, 5 mGy) had 

an adjusted relative hazard of 1.18 [95%CI=(0.99, 1.40)], though this analysis restricted 

the sample of technologists to ages 24–44 at baseline (N=35,705).60 It should be noted 

that the present study included older members of the cohort that would have been 

historically exposed to higher doses of occupational ionizing radiation. Other studies 

have similarly shown a relationship between low-dose ionizing radiation exposures and 

cataracts.26,28,29,31,57,58,73 

There are three main types of cataract defined by their clinical appearance and 

location on the lens: nuclear, cortical, and posterior subcapsular.21 Ionizing radiation is 

generally, though not exclusively, associated with cortical and posterior subcapsular 
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ocular opacities.20 Historically, posterior subcapsular opacification was thought to be a 

characteristic of the radiation damage to the lens equator, although more recent data 

suggest that radiation induced opacities can be found in the lens cortex as well.24,74 

Various studies have found that nuclear cataracts are not associated with radiation 

exposure.20,55 Age-related cataracts are most commonly found in the nuclear region and 

cortical cataracts are also commonly found in diabetic patients.11,75,76 The association in 

the present study significantly decreased with increasing age and is difficult to explain 

biologically. One possible explanation for this result includes potential differential 

distributions of cataract subtypes by age.  Since the subtypes of cataracts most commonly 

associated with ionizing radiation are relatively rare, they could have been overwhelmed 

at later ages by other types of cataracts whose prevalence increase with age. This would 

have led to increasing amounts of non-differential misclassification with increasing age 

and could have led to the observed decrease in the association with age. Since 

information on cataract subtypes were lacking in the USRT study, we were unable to 

investigate the relationship between ionizing radiation and specific cataract subtypes. 

Based on the time-varying result found in the Cox regression analysis, we hypothesized 

that the effect could in truth be constant, but the misclassification of cataracts would 

increase with age as age-related cataracts dominate the overall prevalence of cataracts, 

thus inducing a time-varying effect between ionizing radiation and cataracts.  

The literature review on age-specific cataract rates found five population studies 

and none in cohorts of medical radiologic technologists. First, it is clear that posterior 

subcapsular cataracts alone were not predominant at younger ages. It appeared that 

cortical cataracts were predominant from age 40 until about age 70, and the same was 
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true when grouping cortical and posterior subcapsular cataracts together. The populations 

in these studies are different from medical radiologic technologists in that they were not 

subject to protracted low dose exposures to ionizing radiation. However, as there is 

evidence of the relationship between ionizing radiation and posterior subcapsular 

cataracts (most commonly) and cortical cataracts, it may be that in medical radiologic 

technologists, the predominance of these two types of cataracts at younger ages may be 

more pronounced even than seen in the populations from the literature review. Given the 

significant relationship found between low-dose ionizing radiation exposures and 

cataracts in technologists in the present study, it would be important for future 

investigations of the USRT cohort to validate cataracts and cataract subtypes. 

Another possible explanation for these results is the potential for selection bias in 

the cohort and the healthy worker survivor effect in the effect estimates. The healthy 

worker survivor effect can occur in occupational cohorts when healthy individuals remain 

at work and accrue higher exposures while those who are not healthy leave work and 

accrue lower cumulative exposure. This resulting bias can attenuate the relationship 

between occupational exposure and health outcomes, or in some cases a reversal in the 

relationship. 71,77–79 The results of our exploration of the components of the healthy 

worker survivor bias (which provided strong evidence all three component association 

were present in the analyses) suggest this selection bias could explain the decreased 

hazard ratio of cataracts from ionizing radiation with increasing age as a result of the 

HWSE. Standard regression methods fail to address the structural problem of time-

varying confounding of exposure and work status.43,77,80 Future planned analyses aim to 

address the HWSE and correct the biased effect estimates using g-methods. The strength 
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of the results in the present analyses warrant using more sophisticated methods that seek 

to improve the causal interpretations of the effect estimates. 

Diagnoses of cataract are recorded through self-report asking only if the 

participant has been diagnosed with a cataract and the date of first diagnosis. Report of 

cataract diagnoses was not confirmed from participants’ medical records. Moreover, 

radiogenic cataracts are generally associated with certain phenotypes such as posterior 

sub-capsular or cortical cataracts, and this information is not available in the USRT 

study. There is little that can be done to address this problem in the present study. 

However, the results of the analyses in this study suggest that further investigation of 

phenotypic subtypes could be of value. Future studies in this cohort may need to obtain 

medical records to validate cataracts and cataract phenotypes to alleviate concerns about 

misclassification of cataracts and allow the investigator to analyze cataract phenotypes 

that are known to be radiogenic. 

In conclusion, a significant association was found between occupational ionizing 

radiation and cataracts in a cohort of U.S. medical radiologic technologists that decreased 

over time. The uncertainty around this relationship may necessitate further study.  In 

particular, g-methods that have been shown to account for time-varying confounding in 

occupational cohorts should be employed to address any potential bias from the healthy 

worker survivor effect. Additionally, future studies in the USRT Study should include 

medical chart abstraction to validate cataracts and cataract phenotypes. 
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Table 2. Frequencies and percentages of self-reported cataracts by age of diagnosis 
(N=9,060), U.S. Rad Tech Study, 2004-2006 

Age N (%)     Age N (%) 
19-24 21 (0.2)     55-59 1,464 (16.2) 
25-29 28 (0.3)     60-64 1,680 (18.5) 
30-34 51 (0.6)     65-69 1,736 (19.2) 
35-39 105 (1.2)     70-74 1,250 (13.8) 
40-44 233 (2.6)     75-79 637 (7.0) 
45-49 558 (6.2)     80-84 234 (2.6) 
50-54 1,000 (11.0)     85-95 63 (0.7) 
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Table 3. Age-specific hazard ratios and 95% confidence intervals of cataracts for 
occupational ionizing radiation badge dose per 10mSv in U.S. medical radiologic 
technologists (N=69,798), U.S. Rad Tech Studya 

Age Hazard Ratio 95% CI 
20 1.09 [1.04, 1.14] 
30 1.04 [1.00, 1.09] 
40 1.03 [0.99, 1.07] 
50 1.02 [0.98, 1.07] 
60 1.01 [0.97, 1.06] 
70 1.01 [0.97, 1.05] 

a Model adjusted for sex (female / male), race/ethnicity (White / Other), and birth year. 
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Figure 1. Conceptual model of healthy worker survivor effecta 

 
a Abbreviations: for year k, X=point exposure, W=work status, A=cumulative exposure, 
U=unmeasured confounder, T=survival time; C1= component association 1: previous 
exposure relationship to subsequent work status; C2=component association 2: work 
status relationship to subsequent exposure; C3=component association 3: work status 
relationship to survival time. 
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Figure 2. Age-specific rates of posterior subcapsular (PSC), nuclear and cortical 
cataracts calculated from pooled data (N=20,988) of five published studies including the 
Los Angeles Latino Eye Study,69 the Barbados Eye Study,66 the Blue Mountains Eye 
Study,70 and cataract prevalence studies in Tanzania67 and Taiwan.68  Top left: Age-
specific prevalence of PSC, nuclear and cortical cataracts. r=nuclear cataracts; 
Æ=cortical cataracts; ¡=posterior subcapsular cataracts. Top right: Relative percentage 
of each type of cataract. r=nuclear cataracts; Æ=cortical cataracts; ¡=posterior 
subcapsular cataracts. Bottom left: Relative percentage of posterior subcapsular cataracts 
compared to nuclear and cortical cataracts. n=nuclear and cortical cataracts; ¡=posterior 
subcapsular cataracts. Bottom right: Relative percentage of posterior subcapsular and 
cortical cataracts compared to nuclear cataracts. ¯=posterior subcapsular and cortical 
cataracts; p=nuclear cataracts. 
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Table 4. Odds ratios of not working for 1-year and 10-year lag of badge dose / 
100mSv and 95% confidence intervals for component 1 of the healthy worker 
survivor effect, hazard ratios of cataracts and 95% confidence intervals for 
component 3 of the healthy worker survivor effect, U.S. Rad Tech Studya 

Component 1: Previous Exposure à  Work-Status Odds Ratio [95% CI]b 
badge dose / 100mSv: 1-year lag  0.44 [0.43, 0.44] 
badge dose / 100mSv: 10-year lag 0.57 [0.57, 0.58] 
    
Component 3: Work Status à  Survival Time Hazard Ratio [95% CI]c 

Not-working: Total Sample (n=69,799) 1.14 [1.05, 1.23] 
Not-working: Leave Work - Never Return (n=37,477) 1.74 [1.38, 2.20] 
Not-working: Intermittent Work Status (n=32,302) 1.17 [1.05, 1.31] 
a Component 1 is the association between previous exposure to subsequent work status (leaving work);  
Component 3 is the association between work status (leaving work) and survival time. 
b Logistic regression models predicting not-working adjusted for sex (female / male), race / ethnicity 
(White / Other), follow-up age and birth year. 
c Cox regression models of cataracts adjusted for sex (female / male), race / ethnicity (White / Other) and 
birth year.  
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Chapter 3 

Manuscript 2. Using boosted regression trees to explore effect measure 

modification: an example predicting cataracts in U.S. medical radiologic 

technologist 

 

 

Background and Rationale   

 Examining effect measure modification is fraught with difficulties. On the one 

hand, standard tests of heterogeneity have low power and epidemiologists are often 

reluctant to include interaction terms in models. This may lead to a failure to characterize 

the entire range of effects that a putative exposure might have. While heterogeneity of 

effects may be explored by including interaction terms in models, this is typically limited 

in scope to a small number of covariates, if occurring at all. On the other hand, 

heterogeneity of effects may be investigated by statistical ‘fishing expeditions’, which 

attempt to find some extreme strata of the data in which the effect estimate is statistically 

significant. These fishing expeditions, by only reporting the most extreme effect 

estimates, are misleading by failing to characterize the entire range of effects that a 

putative exposure might have. Methods that allow investigators to flexibly examine the 

extent of heterogeneity across many covariate strata are needed to help characterize the 

extent of any heterogeneity. 

Historically, model building in epidemiology has been oriented toward 

parsimony, biasing models to main effects only.81 It is challenging to explain two-way 

interactions, let alone higher-order interactions. Standard generalized linear models have 
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difficulty with interpretability when interactions are considered with several variables at 

the same time and tend to have poor power to detect effects.82 The direct implications are 

the exclusion of interaction terms in the statistical model that do not reach statistical 

significance. However, in order to capture the overall risk pattern in the population, the 

statistical model requires higher-order terms for valid statistical inference.81 

Identifying sub-groups of the population with different levels of risks are key to 

developing public health interventions. However, the perils of looking for these 

subgroups through statistical fishing expeditions involve interpreting subgroups without 

the context of the overall distribution of heterogeneity in the entire population.34 Data 

dredging is circumspect because results may be due to chance and not generalizable 

outside of that specific dataset.83 By reporting only one significant result from an 

interaction between covariates in the model and the target outcome, there is a chance of 

doing more harm than good. 

The goal of the present work is to demonstrate the use of boosted regression trees, 

a statistical method developed in the machine learning literature, for estimating the 

distribution of the effect of an exposure over relevant covariates that are potential effect 

modifiers. Boosted regression trees have been shown to have excellent properties while 

easily and flexibly incorporating interaction terms.84,85 Using data from the U.S. Rad 

Tech (USRT) study,5 the largest occupational cohort of medical radiologic technologists 

in the world, we use boosted regression trees as a more sophisticated and flexible model 

to estimate risk differences of cataracts between high and low-dose occupational ionizing 

radiation within pre-defined population strata of the other model covariates. These risk 

differences can be combined to estimate the distribution of stratum specific effects from 
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ionizing radiation on cataracts in the entire study population. The following sections 

provide a description of classification and regression trees (CART),36 the base model in 

the boosted model, and boosted regression trees,35 followed by the example predicting 

cataracts in medical radiologic technologists.  

 

Methods 

Study Population and Measures 

The USRT Study began in 1982 as a collaborative effort between the American 

Registration of Radiologic Technologists (ARRT), the National Cancer Institute, and the 

University of Minnesota School of Public Health.5 The study cohort includes medical 

radiologic technologists certified in radiography, nuclear medicine, radiation therapy and 

other imaging specialties. Briefly, a cohort of all radiologic technologists who were 

certified by the ARRT for more than 2 years prior to 1982 and were residents of the 

United States and its territories were eligible to participate in the study. A baseline 

questionnaire (Q1: 1984–1989) was mailed to 132,454 radiologic technologists assumed 

to be alive. Two follow-up surveys have occurred (Q2: 1994–1998, Q3: 2004–2006). The 

third questionnaire was sent to living members of the original cohort who had completed 

at least one of the first two questionnaires. Following a previous analysis of these data 

reported by Chodick et al.60 participants were selected aged 24–44 at the first 

questionnaire and with a report of cataract after the first questionnaire, for a total of 

43,513 in the present study. Posterior subcapsular cataracts, a subtype of cataracts based 

on the location of the opacity in the eye lens, are most commonly associated with 

ionizing radiation exposures and occur at younger ages.22,86 The age restriction at Q1 was 
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chosen since information on subtypes of cataracts was lacking in the Rad Tech Study. 

Participants were followed from age 18 until report of cataracts or administrative 

censoring at Q3. Those reporting the year of diagnosis for cataracts before the baseline 

survey were not included in the analysis.  

It has been established that the eye lens is one of the most susceptible body parts 

to the effects of ionizing radiation leading to cataracts.4,87 Several other risk factors for 

cataracts have been identified including ultraviolet (UV) radiation, diabetes mellitus, 

hypertension, hypercholesterolemia, arthritis, age, race/ethnicity, gender, smoking 

tobacco, alcohol use, genetics, use of corticosteroids, aspirin use, previous history of eye 

trauma or infections, and nutritional deficiencies.11,15,17,20,54,87–89 Not all of these measures 

were ascertained in the USRT Study questionnaires. Further description of the measures 

included in the boosted regression tree prediction model is found below.  

 Cataracts and year of diagnosis were ascertained by self-report on the third 

survey. Participants were asked, “Did a doctor ever tell you that you had any of the 

following eye conditions?” followed by options for macular degeneration, cataract, and 

glaucoma. Participants were directed to provide the year they were first diagnosed for 

those conditions they reported being diagnosed. 

 Estimates of occupational ionizing radiation exposure in the USRT cohort were 

derived through a historical dose reconstruction which is described in detail by Simon et 

al.61 Briefly, the estimates of occupational ionizing radiation exposure incorporated 

information from a variety of sources including: historical technical specifications and 

regulatory occupational dose limits; individual cohort badge dose measurements where 

available; published badge dose estimates from 11 publications for years preceding 1960; 
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information gathered from the USRT questionnaires about the number of years and hours 

per week worked as a radiologic technologist, whether the facility was civilian (hospital 

or clinic) or military; and personal protective measures such as lead apron use. Individual 

annual probability density functions of badge dose were developed for each individual to 

capture the plausible ranges of the technologists’ true dose. Monte Carlo simulation 

techniques were used to draw several estimates of badge dose for each year a technologist 

reported working, with the arithmetic mean of all realizations of badge dose as the final 

estimate. The present analysis uses a cumulative measure of the annual badge doses. The 

annual badge dose measurements were added from the age of 18 or year first worked 

after the age of 18 until the end of follow-up.  

Annual UV radiation exposure dose estimates were constructed from residential 

history information collected on the third survey and satellite data. Residential history 

was reported as the location they lived the longest in 5 age intervals: <13, 13–19, 20–39, 

40–64, and 65 and older. The ambient UV exposures were estimated by linking 

participants reported residence (cite, state, country) to NASA’s Total Ozone Mapping 

Spectrometer (TOMS) database.63 Using daily information of erythemal dose estimates 

including UVA and UVB from the TOMS database during 1978–2003, mean values for 

the summer months were assigned to each participant. Ambient exposures were assumed 

to be the same for years of exposure preceding 1978. The final UV dose for the present 

study was a cumulative measure of summer UV exposures from childhood to the end of 

follow-up.  

Other variables that are known potential risk factors for cataracts and were 

collected in the USRT Study included in the boosted regression tree model were birth 
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year, body mass index at baseline (Underweight / Normal / Overweight / Obese), race 

(White / Other), sex (female / male), hair color (black / brown / medium brown / dark 

brown / light brown / red / reddish-brown / blonde), iris color (blue / dark brown / grey, 

blue-green / light brown), education (high school or less / rad tech / vocational / college), 

income (<$25,000 / $25,000–49,9999 / $50,000–74,999 / $75,000– 99,999 / $100,000+), 

and marital status (married / divorced / never married). Health conditions were included 

as ‘Yes’ if a participant had reported a condition for any of the first three surveys, and 

‘No’ if they had never reported the condition. The following health conditions included 

arthritis, rheumatoid arthritis, diabetes, glaucoma, macular degeneration, 

hyperthyroidism, hypothyroidism, other thyroid conditions (e.g. Hashimoto’s disease), 

osteoporosis, myocardial infarction, stroke, hypertension, and other cardiovascular 

diseases (e.g. angina pectoris). Health behaviors included aspirin use, alcohol intake, 

smoking status (Former / Current / Never), vitamin C supplementation, and vitamin E 

supplementation.  

 

Classification and Regression Trees 

CART models are statistical tools that can model non-linear relationships and 

higher order interactions. These models are relatively straightforward, involving a series 

of binary ‘splits’ of the predictor variables (called recursive partitioning) to create a series 

of decision rules to create subgroups of the population and predict the outcome of interest 

in those subgroups. CART models are intuitive, easily interpretable, and have several 

desirable properties. First, CART models can handle various types of responses including 

continuous, binary, and categorical. Second, they have an easy representation of complex 
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interactions, as shown by the decision rules of the tree creating subgroups of the 

population. Third, they are invariant to monotonic transformations of variables, that is, 

transformations that maintain the order of the values of a variable, thus there is no need to 

transform variables before fitting the model. And finally, CART models provide inherent 

variable selection. That is, while there may be several variables specified as potential 

predictors of the outcome, not all of them will be included in the final CART model. This 

last point is most beneficial from the standpoint of interactions. While we can specify a 

CART model that, in theory, could include all possible interactions, only some of them 

will be included in the final model, as described below.  

Each CART model starts with the entire sample in a parent node, and the 

algorithm will choose the first predictor variable by evaluating which variable best 

separates the sample into two groups by testing the homogeneity of the groups using what 

is called an impurity function, commonly the Gini function.90 The two new groups, or 

nodes, are called the children. The relevant outcome parameter is estimated in each child 

node (e.g. the probability, or mean, of the outcome in each group). Next, each child node 

will become the subsequent parent node, and may similarly be split on a predictor 

variable again by testing homogeneity of the groups into more child nodes. Various 

stopping rules are implemented to end the fitting process (for example, each node may 

contain no less than five observations). Each terminal node is called the ‘leaf’ of the tree 

as the final model looks like an inverted tree. The recursive partitioning of the predictor 

space makes modeling interactions intuitive by splitting the sample into subgroups. 

Additionally, the tree may split on a variable more than once capturing non-linear 

associations. The end result is a model that estimates the probability of the outcome (for 
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dichotomous variables) or mean (for continuous variables) for each terminal node based 

on the categorizations determined by the CART model.  

Figure 3 shows an example of a single CART model. The full sample starts in the 

parent node at the top of the figure. The CART algorithm choses sex as the first split 

variable (as this variable out of all candidate variables best minimized the impurity 

function), and splits the sample by sex into female and male, with female now becoming 

a terminal node as there are no other splits for that group (e.g. by meeting the stopping 

criterion). These child nodes can then become parent nodes, as is seen when the male 

group is further split on age with one group being males less than age 44 and the other 

group males greater or equal to age 44. The older males are now in a terminal node, while 

the younger males are split on smoking status. In the final model we see the two-way 

interaction between sex and age, where amongst males there is a split in an older (age ≥ 

44) and younger (age < 44) group. We can also see the three-way interaction between 

sex, age, and smoking, where amongst the younger (age < 44) males, they have been split 

into smokers and non-smokers. In general, for a single CART model, cross validation is 

used to “prune” the tree, that is remove some of the splits, so that the optimal number of 

splits are chosen for the final model. 

Although useful, CART models are limited in that they can result in poor 

predictive capabilities and are not as accurate as other regression methods.85,91 Further, 

they tend to be unstable, meaning that models fit on different samples of the data may 

change the structure of the tree substantially.92 Taken together these limitations of the 

individual CART model reduce their utility for accurate prediction. However, 

paradoxically, combining several simple CART models into one ensemble model (via 
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boosting) can attenuate the limitations of the individual CART models.  

 

Boosted Regression Trees 

Boosting is a statistical procedure that combines a large number of relatively 

simple models in order to obtain an ensemble estimate that is essentially a weighted 

average of the simple models. Introduced in 1995 by Freund and Schapire93–95, boosting 

was originally designed for classification of categorical variables, but has been extended 

to regression of continuous outcomes and survival analysis.96,97 Any type of model can be 

used in a boosting algorithm; however, CART models are the most widely used. 

Simulation studies have demonstrated that boosting algorithms can have excellent 

predictive capacity, often better than standard epidemiologic regression models.98  

Boosted regression trees differ from more traditional CART models in that they 

do not estimate a single best CART model. Rather, they combine a large number of 

CART models adaptively, to optimize statistical performance (e.g. minimizing mean 

squared error in each node of the tree). Most importantly, boosted regression tree models 

are remarkably powerful in terms of their predictive capabilities, while incorporating the 

appealing features of CART models such as incorporating interactions and variable 

selection throughout the modeling procedure.99 The adaptive, iterative process (known as 

functional gradient descent) of boosting seeks to improve upon the performance of the 

previous succession of models with an emphasis on prediction of the outcome. For 

example, the boosted regression tree model will start by fitting an initial CART model 

and then determine the classification errors of the predictions (i.e. residuals) of that fitted 

model. Weights are generated from the first CART model using the residuals with 
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observations that were not classified correctly by the model receiving a higher weight. 

These weights are used to fit a second weighted CART model. Predictions and 

classification errors are computed from the second model and used to generate weights 

for a third CART model. The contribution of each individual weighted CART model to 

the ensemble is set in advance and is called the learning rate (the shrinkage parameter, a 

value < 1). In other words, the weighted predictions may only move a certain amount 

based on the shrinkage parameter. The optimal number of CART models in the final 

ensemble and the learning rate are inversely related to one another (i.e. a smaller learning 

rate requires more CART models, while a larger learning rate requires less CART 

models). The final number of CART models for the ensemble (the stopping point) is 

determined through cross-validation.100 By specifying the maximum number of splits in a 

given CART model, we can determine the maximum possible interaction level. 

Throughout this manuscript, we choose CART models with 3 maximum splits to allow 

for, at most, three-way interactions in a given CART model. The general algorithm for 

fitting the boosted model is shown in Figure 4. The boosting algorithm used in the 

present study is known as “stochastic” gradient boosting, which is implemented by taking 

a random sample of observations for each of the iterations (the “bag fraction”). Taking a 

smaller random sample at each iteration improves computational speed and produces a 

more accurate model.101 To summarize, to fit the boosted regression tree the meta-

parameters set in advance include the interaction depth (the number of splits for each 

individual CART model), the learning rate (the shrinkage parameter, between 0 and 1), 

and the bag fraction (the proportion of the data to be sampled at each iteration), and cross 

validation is used to determine the final number of CART models in the ensemble and is 
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dependent on values set for the meta-parameters.100 

Once the final boosted model (the weighted average of the individual CART 

models) has been fitted, we are able to use the predictions in a variety of ways.  In the 

present study, we use the final fitted model to make predictions to calculate stratum-

specific risk differences of cataract from high to low-dose occupational ionizing 

radiation, as described below for the radiation exposure example. In this manner, we 

investigate whether there are two-way interactions with badge dose (readings of ionizing 

radiation dose from badge readers worn by the technologist, called personal dose 

equivalent) and each of the covariates in the relationship to the risk of cataracts in 

medical radiologic technologists. We have limited each individual CART model to three-

way interactions, and this method could be extended to three-way (and higher-order 

depending on the interaction depth) interactions using the boosted model, although we 

have not done so here. Further description is provided below. 

 

Analysis  

Boosted classification regression trees were used to model the risk for cataracts 

from occupational ionizing radiation exposure and other risk factors. Cataract occurrence 

was modeled as the outcome in the base CART model. All variables including 

cumulative occupational ionizing radiation badge dose, cumulative summer UV 

environmental exposure, personal characteristics, and health conditions and behaviors 

were included as possible features to split the regression tree during model fitting. 

Boosted models were fitted using the “gbm”102 and “dismo”103 packages in R.104 The 

final estimated boosted regression tree model consisted of 2,350 trees, an interaction 
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depth of 3, a learning rate of 0.01, and a 0.75 bag fraction.   

After fitting the final model, predictions from the model were used to calculate 

the risk differences of cataract comparing high badge dose (75th percentile: 61.31 mSv) 

to low badge dose (25th percentile: 23.90 mSv) occupational ionizing radiation in the 

strata for the individual model covariates. To do this, marginal predicted 

probabilities105,106 were calculated within each strata of possible effect modifiers 

(predictions were made for percentiles of continuous effect modifiers). For example, 

when computing the effect of high badge dose vs. low badge dose radiation among those 

with a high school education, we estimated predicted probabilities of cataract if a 

participant had a high school education and received the 75th percentile of the 

distribution of the badge dose, averaged over the distribution of other covariates in the 

dataset. Similarly, we estimated the predicted probabilities of cataract for everyone 

setting their occupational badge dose to the 25th percentile and with a high school 

education. Then, we would take the average of each set of predicted probabilities, and 

subtract the probability for low dose from the probability for high dose to obtain the risk 

difference to estimate RD = E[Pr(Y |Set[X = 1], Set[Z = 1])] − E[Pr(Y |Set[X = 0], Set[Z 

= 1])]. Here, RD is the risk difference, Y is cataracts the outcome of interest, X is badge 

dose, and Z is the covariate stratum of interest. This was repeated for each stratum of the 

possible effect modifier. If the possible effect modifier was a continuous measure (e.g. 

alcohol intake, UV Radiation), predictions were made in percentiles (1st, 10th, 25th, 30th, 

40th, 50th, 60th, 70th, 80th, 90th, 99th) of the distribution for that variable. Standard errors 

around the risk differences were obtained by bootstrapping. After estimating the risk 

differences and their standard errors, the risk differences were plotted in a histogram and 
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compared to the population averaged risk difference of cataract comparing the 75th 

percentile to the 25th percentile of badge dose. The risk differences with values that were 

either noticeably higher or lower than the population average were visualized in a forest 

plot with 95% confidence intervals.  

 

Results  

The present study contained 43,513 medical radiologic technologists from the 

United States who were ages 24–44 at baseline and reported cataract after the baseline 

survey. Participants were predominantly female (82.2%), Caucasian (96.3%), and college 

educated (82%). A total of 2,641 (6.1%) cataracts were reported during follow-up. We 

estimated 94 stratum specific risk differences and their standard errors in the analysis. 

Figure 5 shows the distribution of these stratum specific risk differences. Overall, there 

was a statistically significant population average effect (RD= 0.009; 95% CI = [0.002, 

0.015]) from occupational ionizing radiation on the risk of cataracts, averaging over any 

possible effect modification. However, there were subgroups with much larger effect 

estimates, compared to the population average. This is clearly illustrated in Figure 6, the 

forest plot of selected risk differences. Those individuals born in the 1st percentile of birth 

year in 1939 (0.032; 95% CI = [0.004, 0.060]) or born in the 10th percentile of birth year 

in 1944 (RD = 0.024; 95% CI = [0.007, 0.041]), and those who were overweight (RD = 

0.019; 95% CI = [0.009, 0.029]) had the highest stratum-specific effect of cataract from 

the effect of occupational ionizing radiation. Additionally, subgroups with a diagnosis of 

diabetes (RD = 0.016; 95% CI = [0.004, 0.027]), glaucoma (RD = 0.015; 95% CI = [-

0.001, 0.031]), and macular degeneration (RD = 0.014; 95% CI = [-0.005, 0.033]) had 



 

 45 

higher risk differences of cataract from ionizing radiation compared to the population 

average. Those born in the 99th percentile of birth year in 1961 (RD = 0.004; 95% CI = 

[0.001, 0.007]) and without macular degeneration (RD = 0.005; 95% CI = [-0.003, 

0.013]) conversely had a lower risk difference compared to the population average.  

 

Discussion  

In this paper, we have demonstrated the use of a more flexible model to explore 

the distribution of a potentially heterogeneous set of effects over a variety of strata. 

Similar methods for exploring heterogeneity could be applied using a more traditional 

logistic regression model. However, the flexibility of the boosted regression tree model 

does not require defining which specific interaction terms must be in the model, and 

instead relies on the fitting criterion and interaction depth to determine the extent of the 

interactions present. Heterogeneity of effects may be present because there exist certain 

strata in which the exposure of interest has a pronounced effect due to a biological 

interaction. Identifying these subgroups may be important for developing public health 

interventions. However, exploration of data in hopes of finding strata in which the 

exposure has a significant effect is a substantial concern.83 Having tools that allow the 

investigator to estimate and visualize the overall distribution of effects may jointly 

address these points, by helping to identify high-risk or low-risk subgroups while also 

portraying stratum specific significant results in the context of all other stratum specific 

results. 

The boosted regression model we estimated indicated an increased risk of cataract 

occurrence associated with an increased dose of occupational ionizing radiation. 
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Additionally, subgroups were identified that had higher risks of cataract from 

occupational ionizing radiation as compared to the population averaged risk of cataracts. 

In particular, higher risks for cataracts from occupational ionizing radiation were seen in 

those born in 1939 and 1944, those with diabetes, glaucoma, and macular degeneration, 

and being overweight (BMI>25) at baseline. Diabetes and age are known risk factors for 

cataracts, but it is interesting to note the higher risks of cataracts from radiation in these 

groups. There may be a synergistic effect between ionizing radiation and diabetes in the 

risk of cataracts in medical radiologic technologists. Additionally, previous research has 

found ionizing radiation is associated with other eye conditions like glaucoma107 though 

not macular degeneration. This result may indicate that those with other eye conditions 

may have higher risks to the effects of radiation from their genetic susceptibilities. 

Alternatively, it is possible from an epidemiologic perspective of screening and detection 

bias, that individuals that are diagnosed with cataracts are also more likely to report other 

eye conditions. This is unable to be determined, but should be considered when 

interpreting the results of this analysis.  

One of the main limitations to this study is the ascertainment of cataract. 

Diagnoses of cataract are recorded by self-report asking only if the participant has been 

diagnosed with a cataract and the year of first diagnosis. Cataract diagnoses were not 

confirmed from participants’ medical records. Additionally, cataracts and the exact year 

of diagnosis were not ascertained until the third survey (Q3). Therefore, cataracts first 

diagnosed before ascertainment at Q3 may be subject to recall bias. As is common with 

many occupational cohorts, selection biases may be present due to loss of follow-up from 

less healthy individuals continuing in the study. This could bias the relationship between 
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the occupational ionizing radiation and cataract. Moreover, radiogenic cataracts are 

generally associated with certain phenotypes such as posterior subcapsular cataracts, and 

this information is not available in the U.S. Rad Tech Study. Results from this study may 

warrant validation of cataract subtypes in future studies.  

Building accurate prediction models is increasingly important in epidemiology. 

For example, current causal models like marginal structural models, propensity score 

models, and the parametric g-formula require the prediction of a probability (such as the 

probability of treatment assignment or survey response).45,108 Causal models will only 

perform well if the prediction is accurate. Indeed, Greenland argues that causal inference 

is a prediction problem.109 For the sole purpose of prediction, aspects of biological 

mechanism and interpretation do not necessarily restrain the rules for model building and 

evaluation of interaction.110 From this viewpoint, it would be useful to build a large 

prediction model and estimate the effect of exposure over all possible covariate patterns 

on the additive scale, regardless of which scale the model used. It will be impossible to 

achieve good prediction without modeling interactions in a flexible manner.81 The 

flexibility is important because there may not be a particular biological rationale for 

where interactions might occur. Therefore, it becomes increasingly important to include 

interactions in the prediction model to improve accurate prediction.  

In conclusion, an overall increase in the risk of cataracts was found for higher 

doses compared to lower doses of occupational ionizing radiation in a cohort of U.S. 

medical radiologic technologists. Additionally, subgroups were found that indicated they 

had much higher risks compared to other subgroups. Boosted regression trees were 

successfully used to find heterogeneity of effects in an epidemiologic study. This is one 
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of the first studies to our knowledge that has demonstrated the utility of boosted 

regression trees for epidemiology. Packages and software used in the analysis are freely 

available using the R statistical computing environment.102–104 Other common statistical 

software packages such as Stata111,112 have also incorporated software tools to fit boosted 

regression models. Predictions are becoming increasingly important for epidemiologic 

studies and further study of potential applications of boosted regression trees is 

warranted. 
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Figure 3. Classification and Regression Tree of Cataracts in the U.S. Rad Tech 
Study 
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Figure 4. Boosting Algorithm: i = individual, ! = estimated probability, m = 
iteration. 
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1. Initialization: 
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2a. Compute residuals !! = !! − !!!  
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2c. Obtain new predictions !!!  as a weighted sum of !!!!! and 

predictions from the current tree !! . 
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Figure 5. Stratum-specific risk differences of cataracts between high-dose (75th 
percentile of cumulative badge dose; 61.3 mSv) and low-dose (25th percentile of 
cumulative badge dose; 23.9 mSv) occupational ionizing radiation 
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Figure 6. Forest plot of select stratum-specific risk differences for cataracts between 
high-dose (75th percentile of cumulative badge dose; 61.3 mSv) and low-dose (25th 
percentile of cumulative badge dose; 23.9 mSv) occupational ionizing radiation 
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Chapter 4 

Manuscript 3. Exposures to occupational ionizing radiation in U.S. medical 

radiologic technologists and risks of cataracts: an application of the 

parametric g-formula 

 

 

Introduction 

 Exposure to ionizing radiation is known to be associated with risks of cataracts.4 

Studies have shown cataract risk is associated with high-dose ionizing radiation in 

Hiroshima bomb survivors23 and Chernobyl clean-up workers.31 Evidence has also shown 

low-dose ionizing radiation is associated with cataracts among pilots,28 cardiologists,29 

and industrial radiographers.30 Medical radiologic technologists are exposed to protracted 

low-dose occupational ionizing radiation and may be at risk of developing work-related 

cataracts. The U.S. Rad Tech (USRT) Study constitutes the largest occupational cohort of 

medical radiologic technologists in the world.5 With its extensive follow-up and recent 

improvements to the dosimetry system estimating annual ionizing radiation exposures,61 

the USRT cohort provided the unique opportunity to investigate risks of cataracts from 

low-dose occupational ionizing radiation exposures. In a previous manuscript, we 

estimated that ionizing radiation significantly increased the rate of cataract. However, the 

hazard ratio we estimated varied by follow-up duration (age) with larger effects at 

younger ages (earlier follow-up) that waned with greater age (longer follow-up). 

Exploratory analyses found component associations of the healthy worker survivor bias 
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were present and suggested this bias may have lead to the time-varying effect.  

The healthy worker survivor effect (HWSE) has long been known as a common 

source of confounding in occupational health studies.38–41 The HWSE was first 

recognized in 1885 by Ogle with the observation that individuals change job tasks, 

occupations, and leave employment based on health status.42 Robins described the 

healthy worker effect as the result of time-varying confounding from work status that 

occurs when a participant leaves the work place as a result of previous exposure such that 

work status is both a confounder and an intermediate on the causal pathway.43 Individuals 

may leave work as a result of their health status, return to work for periods of time, then 

leave again and so on, resulting in time-varying confounding. In studies with cumulative 

exposures, this manifests as a bias known as the HWSE, whereby healthy individuals are 

likely to accrue higher exposures as compared to less healthy individuals who may leave 

work due to their poor health. Thus, the HWSE can attenuate or even reverse the true 

relationship between the exposure and the health outcome.72  

A directed acyclic graph (DAG) illustrating the HWSE is shown in Figure 7. Of 

note, !! (work status at time 1) is a confounder of the effect of X1 (radiation exposure at 

time 1) on Y1 (cataracts at time 1) in this DAG and, as such, we would like to control for 

it. However W1 is also a collider because it is directly caused by other variables, namely 

U (health status) and X0 (radiation exposure at time 0), and controlling for W1 will induce 

collider-stratification bias.51 If we were to condition on work-status, this bias (the HWSE) 

may induce a relationship between exposure and outcome by opening a back door path 

through U, an unmeasured confounder (e.g. health status). Because conventional methods 

(such as conditioning on work status in a regression model) are unable to address the 
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structural problem inherent in the HWSE, a family of analytical methods called g-

methods were developed to adjust for this type of bias.43 Recent studies have applied the 

parametric g-formula in occupational cohorts40,113–115 to correct effect estimates for 

healthy worker survivor bias.  

The parametric g-formula can be conceptualized as an extension of traditional 

epidemiologic standardization to treatments applied over many time points.116 Though it 

is straightforward to conceptualize in this way, it can be challenging to implement the g-

formula in practice. Parametric regression models are built that predict the outcome and 

relevant covariates. These models are used to estimate the predicted covariate value an 

individual would have under different hypothetical treatment regimes. This allows natural 

comparisons of “what would have happened” to the study population under different 

hypothetical interventions; for instance, a comparison of what would have happened if 

individuals had never received more than the annual regulatory threshold of ionizing 

radiation throughout their career relative to their actual experience. In the present study 

we use the parametric g-formula to adjust for possible bias from the HWSE when 

estimating the effect of occupational ionizing radiation treatment regimes among medical 

radiologic technologists on cataracts.  

 

Methods 

Study Population  

 The USRT cohort consists of 146,022 radiologic technologists certified by the 

American Registry of Radiologic Technologists for more than two years prior to 1982. A 

baseline survey was sent out to all living technologists in the years 1984–1989. A second 
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follow-up survey was sent in 1994–1998, with a third survey sent in 2004–2006 to 

participants that responded to the first and / or second survey and completed by 73,625 

technologists. In the present study, participants were followed from age first worked as a 

technologist starting at age 18 or older until report of cataracts or administrative 

censoring at the completion of the third survey. Participants were dropped in the analyses 

if they had exposures before the age of 18 (N=2,439), report of cataracts age 18 or 

younger (N=51) or before year first worked as a technologist (N=15), had only one year 

of observation (N=6), reported never working as a medical radiologic technologist 

(N=597), had unlikely survey responses (N=3), asked to be removed from the study 

(N=1), or had missing information on cataracts (N=7) and year of diagnosis (N=651), 

occupational ionizing radiation exposures (N=5), date of completion of the third survey 

(N=6), or baseline covariates age, race, or birth year (N=46), for a final sample of 69,798 

participants. 

 

Cataracts 

 Cataracts were ascertained by self-report on the third survey. Participants were 

asked to report if they had been diagnosed with cataracts (YES / NO) and the year of first 

diagnosis. Information regarding the type of cataract (i.e. nuclear, cortical, posterior 

subcapsular, or mixed) was not collected on the survey. Age of diagnosis was calculated 

using reported birth year subtracted from year of cataract diagnosis. 

 

Occupational Ionizing Radiation and Work Status 
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 Recent enhancements were made to the dosimetry system in the USRT study and 

have been reported in detail elsewhere.61,62 Briefly, the goal of the dosimetry system is to 

capture the plausible range of badge dose (effective dose equivalent, calculated from 

badge readers used to capture ionizing radiation exposure) and organ dose to twelve 

organs (absorbed doses, including the eye lens). Annual probability density functions of 

dose were developed for individuals using information from the three surveys regarding 

years and hours per week worked, personal protective characteristics (e.g. lead apron use, 

badge reader placement), types of facilities worked (e.g. hospital or clinic, military or 

civilian), individual badge dose readings where available, literature based badge dose for 

years preceding 1960, and historical technical specifications and regulatory dose limits. 

Using Monte Carlo simulation techniques, multiple dose realizations were estimated for 

each year of reported work as a technologist, with the arithmetic mean of all realizations 

reported as the final estimate of annual dose. The final estimates resulted in annual badge 

dose (mSv) and eyelens dose (mGy) for 110,000 technologists in the USRT cohort for 

each year reported working as a technologist. The present study uses badge dose 

estimates only for comparison to current regulatory standards of annual effective dose 

equivalent (the weighted sum of dose, source of radiation, and relative level of harm to 

tissue from radiation) as measured by badge dose. Participants’ work status was 

determined by assigning a value of one to each year they reported working as a 

technologist, and zero otherwise. 

 

Statistical Analysis 
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  Data were collapsed from annual periods to five-year intervals, such that 

exposure and work history and cataracts were summarized for ages 18–20, 21–25, 26–30, 

31–35, 36–40, 41–45, 46–50, 51–55, 56–60, 61–65, 66–70, 71–75, 76–80, 81–85 and 86–

90. For example, if a participant reported a diagnosis of cataract at age 33, the outcome 

indicator would be assigned a value of one for cataracts in the age interval 31–35. For 

intervals without a report of cataracts or administrative censoring, the outcome indicator 

was assigned a value of zero. Similarly, if a participant reported working at any age 

during an interval they were assigned a value of one, and zero if they did not work at any 

age during that interval. 

A complete description and theory of the parametric g-formula have been 

described elsewhere.47,117 Briefly, the steps we implemented for the parametric g-formula 

were as follows. First, we fit a pooled linear regression model for 1) the level of 

occupational ionizing radiation exposure conditional on work status in that period, 

cumulative previous badge dose exposures, and baseline covariates (age, sex, birth year), 

a pooled logistic regression model for 2) the probability of working in a given period 

conditional on previous work status and cumulative ionizing radiation exposure up to the 

previous time and baseline covariates, and a pooled logistic regression model for 3) the 

probability of cataracts in a given period conditional on work status in that period, 

cumulative previous ionizing radiation exposure up to that period, and baseline covariates 

(see Appendix for details). Next, we created a pseudo-population of the same size as the 

original cohort with the same distribution of baseline covariates. For this pseudo-

population, we create the follow-up experience of work status, badge dose exposure, and 

cataracts using parameter estimates from the fitted models (above).  Finally, from the 
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outcome data in the pseudo population, we estimate the age-specific cumulative 

incidence of cataracts and age-specific risks of cataracts conditional on survival. Finally, 

we repeated this procedure for different treatment regimes (discussed below) and 

computed risk differences to compare the different regimes. The general steps in the 

algorithm are outlined below. 

 

Steps in the parametric g-formula (for each exposure scenario): 

1. Fit parametric models using either pooled linear or logistic regression for each 

component (see Appendix), using the observed data in the USRT cohort (N 

=69,798). 

2. Create pseudo-population using the total sample size (N=69,798) such that the 

baseline covariate distributions of sex, race / ethnicity, and birth year are the 

same as the original sample. 

3. Construct follow-up in order of work status, badge dose exposure, then 

cataracts on N pseudo-participants using the regression models fit in Step 1. 

4. Compute the age-specific cumulative incidence risks and age-specific risks of 

cataracts conditional on survival.  

5. Repeat steps 1–4 500 times, using bootstrapped resampling to refit the models 

in step 1 and allow estimation of 95% confidence intervals around effects in 

step (4).  

 

First, as a check of the pooled linear and logistic regression models, we estimated the 

overall risk of cataracts using the observed entry and censoring times, and observed 
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exposure history data. Then we estimated the risk of cataracts by simulating the exposure 

history but still using the observed entry and censoring times. Under these conditions, we 

found the component models estimated similar risks of cataracts and radiation dose as 

observed in the original USRT cohort.  

To implement the g-formula we considered several possible treatment regimes 

that corresponded to hypothetical interventions in the study population’s radiation 

exposure. As a reference treatment regime, we estimated the cumulative and conditional 

risks of cataracts under the observed exposure to ionizing radiation; that is, we set no 

limits on the exposure level that was determined by the parametric models, and we 

allowed left truncation at the observed age of study entry. This is referred to as the 

“natural course” and used as the reference level for all other treatment regimes we 

consider. One possible intervention would be to restrict every worker to receive less than 

the regulatory limit. The United States Nuclear Regulatory Commission (USNRC) has 

determined the current annual regulatory limit of effective dose equivalent to 50 mSv per 

year or 250 mSv every five years.118 Occupational ionizing radiation doses are 

significantly lower than the annual limit set by the USNRC for almost all exposures of 

the USRT cohort except for the oldest technologists working in the earliest years of study 

follow-up, with only 0.05% of the annual point exposures from almost 1.5 million 

measurements of badge being greater than 50 mSv. Hence, we did not consider that 

treatment regime. Instead, we considered treatment regimes of radiation dose thresholds 

using percentiles of the observed badge dose five-year point exposures for 1) 80th 

percentile: 18.38 mSv, 2) 60th percentile: 9.06 mSv, 3) 40th percentile: 4.47 mSv, and 4) 

20th percentile: 2.08 mSv. For example, for the regime using the 80th percentile of badge 
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dose, we set values of estimated badge dose that were above the threshold of 18.38 mSv 

to 18.38 mSv for that five-year period, and those that were below the threshold remained 

the same. This would correspond to a real-world policy intervention, whereby a 

technologist would not be allowed to accrue cumulative ionizing radiation exposure 

greater than 18.38 mSv over a five-year period. We then estimated the risks of cataracts 

with the adjusted dose estimates for that treatment regime. Similarly, we would repeat the 

analysis setting the threshold to the 60th percentile of badge dose, such that any estimates 

of dose that were above the 60th percentile, were set to 9.06 mSv while those below 

would remain the same, and so on for each treatment regime. Additionally, for 

comparison to the previous study in which we estimated the risk of cataracts for a 10-

mSv increment of badge dose, we computed (as an approximation) the risk of cataracts 

under a scenario that reduced each badge dose estimated in each period of follow-up in 

the pseudo-population by 5 mSv (a 10-mSv increment of ionizing radiation dose over 10 

years) with negative values set to a value of zero. Thus, we estimated risks of cataracts 

under the natural course and five different interventions of dose. For all scenarios, 

censoring due to dropout was not allowed and administrative censoring occurred at age 

90. After estimating the age-specific cumulative risks and conditional risks of cataracts, 

we calculated risk differences of cataracts comparing each intervention separately to the 

natural course as reference. Finally, we repeated the analysis with 500 bootstrapped 

samples to construct 95% confidence intervals for each risk difference. 

 

Results 
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 Table 5 shows the cumulative incidence of cataracts for each scenario, and the 

risk differences and 95% confidence intervals of cataracts comparing each intervention of 

dose to the natural course for select intervals ages 20–90. In general, we see that 

differences in risks are initially modest but statistically significant at ages 35–40 and then 

increasing in magnitude with increasing age. Trends are similar for the treatment regimes 

limiting point exposures to the 80th percentile (badge dose ≤ 18.38 mSv), 60th percentile 

(badge dose ≤ 9.06 mSv), 40th percentile (badge dose ≤ 4.47 mSv), and 20th percentile 

(badge dose ≤ 2.08 mSv) of observed dose. Overall, the treatment regime reducing 5 mSv 

in dose at each age-period had smaller risk reductions as compared to the other treatment 

regimes with only a few significant differences. All cumulative incidence risk differences 

are illustrated in Figure 8.  In Table 6 we present conditional risks of cataracts for the 

natural course and all treatment regimes and risk differences and 95% confidence 

intervals. Similar to the cumulative incidence risks, trends indicate modest differences in 

risks at earlier ages that increase in magnitude until the end of follow-up at age 90. 

Significant differences in cataract risks between treatment regimes and natural course 

begin at ages 35–50 until ages 75–80 for the treatment regimes limiting dose to the 60th 

percentile and 80th percentile. Significant differences in conditional risks of cataracts start 

at ages 35–50 for the 20th percentile and 40th percentile and continue until the end of 

follow-up at age 90. The treatment regime of a 5 mSv reduction in dose did not have any 

significant differences in the conditional risks compared to the natural course throughout 

all of follow-up. Figure 9 illustrates the conditional risk differences of cataracts between 

the natural course and each intervention of dose.  
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Discussion 

 The present study found substantively important differences in both cumulative 

incidence of cataracts and conditional risks of cataracts between the natural course and 

treatment regimes. There was evidence that decreasing the dose of radiation exposure 

could reduce the risk of cataracts, even at relatively early ages. This contrasts with the 

results in the previous analysis, which found significant hazards of cataracts at earlier 

ages that attenuated toward the null at later ages. Additionally, the differences in risk 

increased in magnitude and became quite substantial with increasing age. Confidence 

intervals of the effect estimates were rather precise, indicating little uncertainty about the 

sizes of these effects in cataract risk reduction. The present analysis appears to indicate 

that the risk of cataracts among medical radiologic technologists in the United States 

could be reduced if the threshold for a maximum allowable dose were changed.  

 The parametric g-formula has several assumptions to causally interpret 

parameter estimates some of which are 1) exchangeability – no unmeasured confounding, 

2) correct model specification – models reflect the underlying biological model, 3) 

positivity – that there are exposed and unexposed at every combination of the 

confounders, and 4) consistency – that there are well-defined interventions of the 

exposure. These assumptions are not exclusive to the g-formula and in fact are true for 

the Cox regression models used in our previous analysis and indeed generally for all 

statistical modeling. We cannot rule out the possibility that there is unmeasured 

confounding in our study, which would affect the exchangeability assumption. 

Additionally, though the parametric regression models used in the g-formula may not be 

correctly specified, we have used the DAG of the proposed HWSE mechanism to guide 



 

 64 

their specification. There is a lack of positivity due to the fact that there is zero 

probability of exposure when a technologist is not at work, precluding the use of 

marginal structural models. However, in a time-varying setting the g-formula with 

dynamic treatment regimes is more flexible regarding these types of violations to 

positivity.43,119 The consistency assumption means that a person’s counterfactual outcome 

is consistent with their observed outcome. To maintain consistency, the interventions 

must be well-defined such that an exposure level could be hypothetically assigned to 

another individual who has a different exposure level.120 The consistency assumption is 

reasonable in the present study because we are able to manipulate the level of ionizing 

radiation in a manner that is supported (consistent) in the observed data. Another 

potential limitation of the g-formula is known as the g-null paradox, which states that 

under the null hypothesis, one is not able to correctly specify the correct parametric 

regression models used in the g-formula.52 The result of the g-null paradox is that in large 

samples, the g-formula may reject the null hypothesis of no association between exposure 

and outcome (in our case, ionizing radiation and cataracts) even when no association 

exists. As it is already established there is an association between ionizing radiation and 

the development of cataracts,20,22 we are less concerned with the g-null paradox in the 

present study.  

 Subtypes of cataracts are characterized by their location in the eye lens and 

include posterior subcapsular, cortical, nuclear, and mixed phenotypes. Of these, ionizing 

radiation is most commonly associated with posterior subcapsular or cortical subtypes.22–

24 Ascertainment of cataracts in the USRT Study does not specify the subtype. In a 

previous manuscript, we reported the results of a literature review investigating age-
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specific rates of cataracts by subtypes. The review found five population based studies.66–

70 Populations in these studies differed from medical radiologic technologists in that they 

were not exposed to protracted low–dose occupational ionizing radiation. We found that 

relative rates of the subtypes differed by age, with radiogenic subtypes (posterior 

subcapsular and cortical) predominant at earlier ages and age-related nuclear cataracts 

predominating with increasing age. We cannot rule out possible non-differential 

misclassification of cataracts in the present study. A large proportion of cataracts (40%) 

were diagnosed in the USRT cohort between ages 65–80, the age ranges where we found 

the largest significant differences in the rates of cataracts in the present study. It may 

warrant validation of cataracts and subtypes in the USRT cohort, to address the bias from 

misclassification in the effect estimates between ionizing radiation and cataracts. 

 Often, the goal of an occupational epidemiologic study is to estimate a causal 

effect between a workplace exposure and a health outcome. Effect estimates from the 

study’s results may inform current occupational health standards. It is only meaningful to 

do this if it is possible to causally interpret the effect estimate in this relationship. 

However, for reasons of study design or other characteristics of the data, confounding 

bias can limit causal inference of effect estimates. Incomplete control of confounding is a 

well-recognized source of bias and must be accounted for when estimating effects of 

exposures.38 In the present study we are seeking to estimate the effect of occupational 

ionizing radiation on the risk of cataracts in medical radiologic technologists. Previous 

analyses strongly suggested that a well-known source of confounding from selection bias 

(the HWSE) in occupational health epidemiologic investigations was present. As a result, 

we have implemented the parametric g-formula to adjust our effect estimates between 
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ionizing radiation and cataracts for bias stemming from the structural problem of no 

exposure when not at work and confounding of unmeasured health–status of the HWSE. 

Our results indicate that interventions (using percentiles of observed dose) reducing 

exposures of five-year occupational ionizing radiation attenuate the risks of cataracts 

starting at relatively earlier ages compared to no intervention (the status quo) of 

occupational exposure in the USRT Study cohort. As such, the medical radiologic 

technologists in the USRT cohort appear to have significantly elevated risk in the 

incidence of cataracts from protracted low-dose occupational ionizing radiation 

exposures.  
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Figure 7. Conceptual model of healthy worker survivor effecta 

 
a Abbreviations:  !!=work status at time 0;  !!=work status at time 1; !!=cumulative 
exposure up to time 0; !!=cumulative exposure up to time 1; U=Unmeasured health 
status; Y=cataracts at time 1; C1= component association 1: previous exposure 
relationship to subsequent work status; C2=component association 2: work status 
relationship to subsequent exposure; C3=component association 3: work status 
relationship to survival time. In this DAG, work status at time 1 is a collider, such that 
conventional methods conditioning on work status open a back door path between 
exposure and outcome through unmeasured health status and result in a biased estimate 
between occupational ionizing radiation and cataracts. 
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Table 5. Cumulative incidence of cataracts for simulated natural course of ionizing 
radiation badge dose (mSv), and simulated interventions of badge dose limited to ≤ 
18.38 mSv, ≤ 9.06 mSv, ≤ 4.47 mSv, ≤ 2.08 mSv, and 5 mSv reduction in dose, and 
risk differences of cataracts and 95% confidence intervals comparing interventions 
to natural course, Ages 20–90, U.S. Rad Tech Study 

  Risks: 18-20 RD [95% CI] Risks: 55-60 RD [95% CI] 
Natural Course 0.0000 ref 0.0903 ref 
≤ 18.38 mSv 0.0000 0.0000 [-0.3894, 0.3888] 0.0820 -0.0083 [-0.0115, -0.0042] 
≤   9.06 mSv 0.0000 0.0000 [-0.3893, 0.3887] 0.0813 -0.0091 [-0.0131, -0.0055] 
≤   4.47 mSv 0.0000 0.0000 [-0.3897, 0.3891] 0.0784 -0.0119 [-0.0139, -0.0063] 
≤   2.08 mSv 0.0000 0.0000 [-0.3893, 0.3890] 0.0800 -0.0104 [-0.0146, -0.0066] 
5 mSv reduction in Dose 0.0000 0.0000 [-0.3895, 0.3893] 0.0872 0.0031 [-0.0059, 0.0012] 

  Risks: 25-30   Risks: 65-70 RD [95% CI] 
Natural Course 0.0004 ref 0.3238 ref 
≤ 18.38 mSv 0.0005 0.0001 [-0.0003, 0.0002] 0.3091 -0.0147 [-0.0200, -0.0072] 
≤   9.06 mSv 0.0004 0.0000 [-0.0003, 0.0003] 0.3069 -0.0169 [-0.0233, -0.0099] 
≤   4.47 mSv 0.0004 0.0000 [-0.0003, 0.0003] 0.3011 -0.0228 [-0.0265, -0.0125] 
≤   2.08 mSv 0.0005 0.0001 [-0.0003, 0.0002] 0.3004 -0.0235 [-0.0287, -0.0150] 
5 mSv reduction in Dose 0.0005 0.0000 [-0.0003, 0.0003] 0.3161 -0.0077 [-0.0124, -0.0009] 

  Risks: 35-40   Risks: 75-80 RD [95% CI] 
Natural Course 0.0038 ref 0.7446 ref 
≤ 18.38 mSv 0.0029 -0.0009 [-0.0015, -0.0001] 0.7339 -0.0107 [-0.0174, -0.0060] 
≤   9.06 mSv 0.0028 -0.0010 [-0.0016, -0.0001] 0.7300 -0.0146 [-0.0226, -0.0097] 
≤   4.47 mSv 0.0027 -0.0011 [-0.0017, -0.0002] 0.7270 -0.0176 [-0.0263, -0.0129] 
≤   2.08 mSv 0.0029 -0.0009 [-0.0016, -0.0001] 0.7215 -0.0231 [-0.0304, -0.0158] 
5 mSv reduction in Dose 0.0040 0.0002 [-0.0008, 0.0007] 0.7400 -0.0046 [-0.0134, -0.0013] 

  Risks: 45-50   Risks: 85-90 RD [95% CI] 
Natural Course 0.0203 ref 0.9746 ref 
≤ 18.38 mSv 0.0169 -0.0034 [-0.0056, -0.0021] 0.9731 -0.0015 [-0.0046, -0.0003] 
≤   9.06 mSv 0.0162 -0.0041 [-0.0059, -0.0022] 0.9725 -0.0162 [-0.0058, -0.0015] 
≤   4.47 mSv 0.0168 -0.0034 [-0.0059, -0.0024] 0.9723 -0.0034 [-0.0068, -0.0019] 
≤   2.08 mSv 0.0159 -0.0044 [-0.0063, -0.0026] 0.9705 -0.0044 [-0.0077, -0.0029] 
5 mSv reduction in Dose 0.0212 0.0010 [-0.0025, 0.0011] 0.9753 0.0007 [-0.0036, 0.0003] 
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Figure 8.	 Age-specific cumulative incidence risk differences of cataracts comparing 
simulated interventions of occupational ionizing radiation exposures to natural coursea	

 
a ¡=Risk differences of cataracts for ionizing radiation doses no larger than the 80th 
percentile of badge dose (18.38 mSv) compared to natural course; r=Risk differences of 
cataracts for ionizing radiation doses no larger than the 60th percentile of badge dose 
(9.06 mSv) compared to natural course; Æ=Risk differences of cataracts for ionizing 
radiation doses no larger than the 40th percentile of badge dose (4.47 mSv) compared to 
natural course; x=Risk differences of cataracts for ionizing radiation doses no larger 
than the 20th percentile of badge dose (2.08 mSv) compared to natural course; n=Risk 
differences of cataracts for 5 mSv reduction in badge dose for each five-year period of 
follow-up compared to natural course. 
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Table 6. Risks of cataracts conditional on survival for simulated natural course of 
ionizing radiation badge dose (mSv), and simulated interventions of badge dose 
limited to ≤ 18.38 mSv, ≤ 9.06 mSv, ≤ 4.47 mSv, ≤ 2.08 mSv, and 5 mSv reduction in 
dose, and risk differences of cataracts and 95% confidence intervals comparing 
interventions to natural course, Ages 20–90, U.S. Rad Tech Study 

  Risks: 18-20 RD [95% CI] Risks: 55-60 RD [95% CI] 
Natural Course 0.0000 ref 0.0479 ref 
≤ 18.38 mSv 0.0000 0.0000 [-0.0002, 0.0001] 0.0445 -0.0033 [-0.0048, -0.0003] 
≤   9.06 mSv 0.0000 0.0000 [-0.0001, 0.3876] 0.0433 -0.0046 [-0.0056, -0.0010] 
≤   4.47 mSv 0.0000 0.0000 [-0.0001, 0.3876] 0.0447 -0.0031 [-0.0059, -0.0013] 
≤   2.08 mSv 0.0000 0.0000 [-0.0001, 0.3876] 0.0428 -0.0051 [-0.0065, -0.0015] 
5 mSv reduction in Dose 0.0001 0.0001 [-0.0001, 0.0001] 0.0471 -0.0008 [-0.0034, 0.0010] 

  Risks: 25-30   Risks: 65-70 RD [95% CI] 
Natural Course 0.0003 ref 0.1773 ref 
≤ 18.38 mSv 0.0003 0.0000 [-0.0002, 0.0002] 0.1725 -0.0048 [-0.0100, -0.0011] 
≤   9.06 mSv 0.0003 0.0000 [-0.0002, 0.0002] 0.1684 -0.0089 [-0.0119, -0.0031] 
≤   4.47 mSv 0.0003 0.0000 [-0.0002, 0.0001] 0.1704 -0.0069 [-0.0143, -0.0043] 
≤   2.08 mSv 0.0003 0.0000 [-0.0002, 0.0001] 0.1693 -0.0080 [-0.0156, -0.0056] 
5 mSv reduction in Dose 0.0003 0.0000 [-0.0002, 0.0002] 0.1729 -0.0044 [-0.0080, 0.0005] 

  Risks: 35-40   Risks: 75-80 RD [95% CI] 
Natural Course 0.0026 ref 0.4592 ref 
≤ 18.38 mSv 0.0019 -0.0007 [-0.0011, -0.0001] 0.4523 -0.0069 [-0.0166, -0.0011] 
≤   9.06 mSv 0.0016 -0.0010 [-0.0012, -0.0001] 0.4439 -0.0153 [-0.0201, -0.0047] 
≤   4.47 mSv 0.0016 -0.0010 [-0.0012, -0.0003] 0.4425 -0.0167 [-0.0235, -0.0075] 
≤   2.08 mSv 0.0020 -0.0006 [-0.0012, -0.0002] 0.4367 -0.0225 [-0.0259, -0.0099] 
5 mSv reduction in Dose 0.0023 -0.0004 [-0.0006, 0.0004] 0.4510 -0.0082 [-0.0135, 0.0013] 

  Risks: 45-50   Risks: 85-90 RD [95% CI] 
Natural Course 0.0103 ref 0.7464 ref 
≤ 18.38 mSv 0.0102 -0.0001 [-0.0030, -0.0008] 0.7415 -0.0049 [-0.0234, 0.0062] 
≤   9.06 mSv 0.0094 -0.0009 [-0.0031, -0.0008] 0.7416 -0.0048 [-0.0267, 0.0023] 
≤   4.47 mSv 0.0097 -0.0006 [-0.0030, -0.0007] 0.7292 -0.0172 [-0.0300, -0.0002] 
≤   2.08 mSv 0.0097 -0.0006 [-0.0033, -0.0010] 0.7334 -0.0130 [-0.0301, -0.0017] 
5 mSv reduction in Dose 0.0118 0.0005 [-0.0016, 0.0007] 0.7507 -0.0003 [-0.0190, 0.0110] 
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Figure 9.	 Risk differences of cataracts conditional on survival comparing simulated 
interventions of occupational ionizing radiation exposures to natural coursea	

 
a ¡=Risk differences of cataracts for ionizing radiation doses no larger than the 80th 
percentile of badge dose (18.38 mSv) compared to natural course; r=Risk differences of 
cataracts for ionizing radiation doses no larger than the 60th percentile of badge dose 
(9.06 mSv) compared to natural course; Æ=Risk differences of cataracts for ionizing 
radiation doses no larger than the 40th percentile of badge dose (4.47 mSv) compared to 
natural course; x=Risk differences of cataracts for ionizing radiation doses no larger 
than the 20th percentile of badge dose (2.08 mSv) compared to natural course; n=Risk 
differences of cataracts for 5 mSv reduction in badge dose for each five-year period of 
follow-up compared to natural course.
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Chapter 5  

Discussion 

 

In the dissertation, we found in manuscript 1 a significant association between 

occupational ionizing radiation and the hazard of cataracts for both dose equivalent 

(badge dose, mSv) and absorbed dose (eye lens dose, mGy). This relationship varied 

significantly by age with the hazard ratio elevated at earlier ages and decreasing over 

time. Additionally, the relationship was statistically significant at earlier ages while the 

95% confidence intervals of the hazard ratios contained the null value starting at ages > 

30. A sensitivity analysis assessing the components of the healthy worker survivor effect 

(HWSE) indicated strong evidence that this type of bias was present in the U.S. Rad Tech 

(USRT) Study cohort. Specifically, component 1 (the association between previous 

exposure to subsequent work-status) showed a significant association between an 

increase in both 1-year and 10-year lagged cumulative badge dose and staying at work. 

Component 2, the association between work-status and subsequent exposure, existed a 

priori (technologists were only exposed to occupational ionizing radiation if they indeed 

worked in a given year). And component 3 (the association between work-status to 

survival time) indicated a significant association between leaving work and cataracts for 

the entire sample, the sub-sample of those with intermittent work status, and most 

strongly for the sub-sample of those who left work and did not return. A subsequent 

literature review investigating age-specific rates of the subtypes of cataracts (posterior 

subcapsular, cortical, and nuclear) found five population-based studies to identify if there 
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was a possibility for misclassification of radiogenic cataracts.66–70 Although the 

populations in these studies differed from the USRT cohort in that they were not exposed 

to occupational ionizing radiation, they did reveal the potential for non-differential 

misclassification of cataracts in the present study. The analysis pooling data from the 

population studies indicated that cortical and posterior subcapsular cataracts (those most 

commonly associated with exposures to ionizing radiation) were predominant at earlier 

ages as compared to nuclear cataracts (the phenotype associated with increasing age). It 

could be the true effect was constant over time, and the increasing amounts of non-

differential misclassification of cataracts at later ages could explain the decreasing 

association between ionizing radiation and cataracts. Although we can only speculate 

whether this distribution is different for radiologic technologists, it does introduce 

uncertainty into the classification of cataracts for the USRT cohort. 

In manuscript 2, we presented methods for building a prediction model of 

cataracts in the USRT cohort using boosted regression trees, a type of ensemble machine 

learning analytical method. In this analysis, we restricted the cohort to ages 24–44 at 

baseline similar to a previous analysis by Chodick et. al.60 Subtypes of cataracts 

commonly associated with ionizing radiation occur at younger ages,10 and the restriction 

was chosen as information regarding subtypes was not available in the present study. We 

calculated risk differences of cataracts from high-dose (75th percentile badge dose, 61.31 

mSv) to low-dose (25th percentile badge dose, 23.90 mSv) occupational ionizing radiation 

in subgroups of the USRT cohort. Elevated risks compared to the population average 

were found in those with diabetes, macular degeneration, glaucoma, BMI > 25 at 
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baseline, and those born in the earliest years of this restricted cohort. Those who were 

youngest at baseline and those without macular degeneration had lower risks compared to 

the population average. This method illustrated both the benefit of identifying potential 

subgroups where ionizing radiation may interact biologically to increase the risk of 

cataracts (useful for designing public health interventions) while also placing these risks 

in the context of other stratum-specific risks in the entire population. 

In manuscript 3, we estimated age-specific risks of cataracts (both cumulative 

incidence risks and risks conditional on survival) for the natural course of ionizing 

radiation and several interventions limiting the level of dose to different percentiles of the 

observed absorbed dose (badge dose, mSv) or a 5-mSv reduction for each dose estimate 

in the USRT cohort. Overall, there was evidence that decreasing the dose of radiation 

exposure could reduce the risk of cataracts, even at relatively early ages. Trends were 

similar for the treatment regimes limiting dose to the 80th percentile (badge dose ≤ 18.38 

mSv), 60th percentile (badge dose ≤ 9.06 mSv), 40th percentile (badge dose ≤ 4.47 mSv), 

and 20th percentile (badge dose ≤ 2.08 mSv) of observed dose, indicating significant risk 

reduction at ages 35–40 for cumulative incidence and conditional risks throughout the 

end of follow-up to age 90. This contrasts with the results found in manuscript 1, which 

found significant elevated risks of cataracts at younger ages compared to non-significant 

risks at older ages.  

Overall, there appears to be elevated risk of cataracts in the USRT cohort from 

occupational ionizing radiation. This is supported by similar evidence of cataract risks 

from protracted low-dose occupational ionizing radiation exposures in industrial 
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radiographers30 and cardiologists.29,57 The characterization of this relationship is 

dependent on the method of analysis and study design. As we have highlighted, the effect 

estimates in manuscript 1 may be affected by bias from the HWSE. To limit the effects of 

time-varying confounding and structural bias of work-status (and unmeasured 

confounding from health status), we have adjusted our estimates of cataract risks for the 

HWSE in manuscript 3. Although these estimates are not directly comparable (the 

contrasts in manuscript 1 compare an increment change in dose while the contrasts in 

manuscript 3 compare cataract occurrence under designated hypothetical treatment 

regimes), they do indicate that there are significant elevated risks of cataracts. The 

identification of certain subgroups with elevated risks of cataracts compared to the 

population average in manuscript 2 illustrated the potential for synergistic effects 

(biologic interaction) of ionizing radiation and other health conditions (e.g. diabetes, 

macular degeneration, glaucoma). Though we cannot exclude the potential for reporting 

bias (i.e. those with cataracts may also be more likely to report other eye conditions such 

as glaucoma), these results provide context for characterization of the distribution of 

effects from ionizing radiation and the risks of cataracts. 

 

Strengths and Limitations 

 One of the main strengths to our study is the size of the occupational cohort of 

radiologic technologists in the USRT Study and its extensive follow-up. Being the largest 

cohort of its kind, it is uniquely capable of investigating the risks of cataracts from 

protracted low-dose occupational ionizing radiation exposures. Additionally, recent 
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enhancements to the historical dose reconstruction61 have provided a comprehensive 

dosimetry system that aims to estimate the true distribution of ionizing radiation exposure 

in the USRT cohort. The dosimetry system has provided estimates for both dose 

equivalent (badge dose, mSv) and absorbed dose (eye lens dose, mGy), allowing us to 

compare risks of cataracts from ionizing radiation using different measures of dose. The 

similar results found for both measurements add strength to the findings.  

 As we have discussed throughout the three manuscripts, cataracts were 

ascertained by self-report and the lack of specificity for the types of cataracts in the 

USRT cohort are a type of information bias and a limitation in the present study. As such, 

we are unable to determine with the present data how this lack of specificity impacts our 

current results.  It is highly likely there is non-differential misclassification of cataracts 

(i.e. each participant has the same probability of misclassification of the outcome), and 

this has been proposed as a possible explanation for the time-varying effect of ionizing 

radiation and higher risks of cataracts at younger ages compared to older ages in 

manuscript 1. Although we were unable to account for this lack of specificity in the first 

manuscript, we chose to restrict our population in manuscript 2 to potentially remove 

cataracts that would most likely be related to age and not ionizing radiation. Although 

this may have introduced another type of selection bias into the study, these analyses 

juxtaposed with those in the first manuscript represent a comprehensive evaluation of 

cataract risks with the data that is available. 

  We also noted through sensitivity analyses assessing the component associations 

of the HWSE, the results in manuscript 1 are likely strongly affected by selection bias 
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from the HWSE. Although this is a limitation that is common to occupational 

epidemiologic investigations and is a type of selection bias, the application of the 

parametric g-formula in manuscript 3 addresses this limitation. The quantitative 

assessment of the components of the HWSE justified the use of g-methods to correct 

effect estimates. The assessment is very useful as g-methods are computationally 

intensive, and should only be implemented when appropriate. Because the parametric g-

formula is able to circumvent non-positivity (i.e. that there isn’t a probability of exposure 

> 0 in all levels of confounders), we needed to use it as opposed to another g-method like 

marginal structural models that are unable to account for non-positivity. In the USRT 

cohort, technologists are only exposed when at work, and therefore have a zero 

probability of exposure when not at work, resulting in non-positivity. Marginal structural 

models use the inverse probability of treatment weight estimator, and when the 

probability is inverted the weight goes to infinity and is not estimable for a non-zero 

probability of exposure, thus precluding their use in the present study. It is important to 

note that although we have adjusted our estimates for the risks of cataracts from ionizing 

radiation in manuscript 3 for any potential bias from the HWSE, these results may still be 

affected by the lack of specificity of cataract phenotype. A limitation of the parametric g-

formula is the g-null paradox, where the null hypothesis of no association can be rejected 

in large samples even when no association exists. For this reason, it is not recommended 

to use the parametric g-formula for exploratory and hypothesis generating investigations, 

and instead is only recommended when there is a known association.52 As there is a 

known association between ionizing radiation and cataracts4 we are less concerned about 
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the g-null paradox. Regardless, the strength of this analysis is the use of rigorous 

computational methods grounded in counterfactual and causal inference theory.    

 

Conclusion 

 In conclusion, the present study has provided a comprehensive evaluation of risks 

of cataracts from protracted low-dose occupational ionizing radiation exposures in 

medical radiologic technologists in the United States and its territories. Overall, our 

results indicate that low-dose ionizing radiation exposures elevate the risks of cataracts, 

as our three manuscripts found significant associations between occupational ionizing 

radiation and cataract risks. Additionally, methods were presented to explore 

heterogeneity of effects and improve the causal interpretation of effect estimates in the 

association between ionizing radiation and cataracts. Validation of cataracts is warranted 

and future studies would benefit from information regarding phenotypes of cataracts. 
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Appendix 
 
Notation 

Age is the time scale of interest from ages 18–90 collapsed into j=15 time periods (18–

20, 21–25, 26–30, 31–35, 36–40, 41–45, 46–50, 51–55, 56–60, 61–65, 66–70, 71–75, 76–

80, 81–85, 86–90) and S denotes the period of study entry.  !! is defined as an indicator 

for cataracts at age-period j=k. !! is defined as an indicator for work status at age-period 

j=k. !!!!is a 1-period lag of the history of work status. !!is the ionizing radiation badge 

dose at age-period j=k. !!!!is a 1-period lagged variable of the cumulative exposure 

history up to each age-period j=k.  ! is a vector of baseline covariates including sex 

(female / male), race / ethnicity (White / Other), and birth year. !! is defined as an 

indicator for censoring due to loss to follow-up at age-period j=k. Histories of time-

varying covariates are denoted using an overbar such as work status history through age-

period j=k is denoted !! = {!!,!!!!,… ,!!}. The order assumed for each age-period k 

is !!, !!,  !!. 

 

Parametric g-formula for ionizing radiation and cataracts 

Note, for total population N=69,798, we suppress the notation for individual i=1,… , N. 

In equation 1 for the parametric g-formula, the cumulative incidence of cataracts for each 

age-period j = 1, 2, … , 15 is represented as a function of the probability of cataracts and 

the joint distribution of exposure, working status, and baseline covariates. Because this 

quantity cannot be computed non-parametrically we use parametric regression models to 

approximate the quantities. 
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! ! =

 
 

Pr !! = 1 !! = !! ,!! = !! ,!!!! = !! = 0,! = !, ! ≤ ! ×
 
 !!!!!

!

!!!
 

 
Pr !! = 0 ! = !,!! = !!,!! = !!,!!!! = !!!! = 0, ! ≤ ! − 1 ×

! !! = !!  ! = !,!!!! = !!!!,!!!! = !!!!,!!!! = !!!! = 0, ! ≤ ! ×
!" !! = 1 ! = !,!!!! = !!!!,!!!! = !!!!,!!!! = !!!! = 0, ! ≤ ! ×

Pr !!!! = 0 ! = !,!!!! = !!!!,!!!! = !!!!,!!!! = !!!! = 0, ! ≤ ! − 1 ×
f(! = !)

!

!!!
 

	

(1)	

Under the treatment regimes where !!is intervened on as specified in the intervention 

density (!!"#) by replacing sampled exposures above the specified treatment regime with 

the specified limit, and no loss to follow-up (e.g. Pr !! = 0 = 1) the quantity above is 

replaced with the formula in equation 2.  

 

	
! ! =

 
 

Pr !! = 1 !! = !! ,!! = !! ,!!!! = !! = 0,! = !, ! ≤ ! ×
 
 !!!!!

!

!!!
 

 
1×

!!"# !! = !!  ! = !,!!!! = !!!!,!!!! = !!!!,!!!! = !!!! = 0, ! ≤ ! ×
!" !! = 1 ! = !,!!!! = !!!!,!!!! = !!!!,!!!! = !!!! = 0, ! ≤ ! ×

Pr !!!! = 0 ! = !,!!!! = !!!!,!!!! = !!!!,!!!! = !!!! = 0, ! ≤ ! − 1 ×
f(! = !)

!

!!!
 

	

(2)	

 

Model specification in the parametric g-formula 

Model 1: Work Status 

Log(odds(Wk)) = β0 + β1*I(Wj-1) + β2*( !!!!!
!!! ) + β3*Time + β4*Time2 + β5*Sex + 

β6*Race + β7*(Birth Year) + β8*(Birth Year)2 



 

 89 

A pooled logistic regression model of work indicator at age-period j, given work 

indicator at time j-1, the sum of previous exposure to time j-1, time (j=1,…,15), a 

quadratic term of time, sex (female / male), race / ethnicity (White / Other), birth year, 

and a quadratic term of birth year.  

 

Model 2: Radiation Exposures 

E(log(Xk)) = β0  + β1*( !!!!!
!!! ) + β2*Time + β3*Time2 + β4*Sex + β5*Race + β6*(Birth 

Year) + β7*(Birth Year)2 

A pooled linear regression model of log-transformed Badge dose at time j (model of 

exposure only for years worked as a radiologic technologist), the sum of previous 

exposure to time j-1, time (j=1,…,15), a quadratic term of time, sex (female / male), race 

/ ethnicity (White / Other), birth year, and a quadratic term of birth year.  

 

Model 3: Cataracts 

Log(odds(Yk)) = β0 + β1*I(Workj) + β2*( !!!!!
!!! ) + β3*Time + β4*Time2 + β5*Sex + 

β6*Race + β7*(Birth Year) + β8*(Birth Year)2 

A pooled logistic regression model of cataract indicator at age-period j, given work-status 

indicator at time j, the sum of previous exposure to time j-1, time (j=1,…,15), a quadratic 

term of time, sex (female / male), race / ethnicity (White / Other), birth year, and a 

quadratic term of birth year.  

 

 
Monte Carlo simulation and risks estimation 
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We fit the three parametric models using the observed dataset. We then recreate the 

follow-up (works–status, exposure, and cataracts) histories for a new pseudo-population 

using N=69,798, the original sample size, with the same baseline covariate distributions 

of sex, race / ethnicity, and birth year. Generally, the order of estimation is work-status, 

exposure, and cataracts history. For all j=S, assign a value of 1 for work-status. For j>S, 

estimate the probability of working in a given j using the fitted parameters of the 

parametric regression models. Then, using the predicted probability of work-status, draw 

the work-status indicator from a Bernoulli distribution. Next, if a participant works, then 

estimate the predicted mean exposure level for that age-period. Next, using the predicted 

exposure mean and mean-squared error from the linear regression model for radiation 

exposures draw from the Normal distribution and exponentiate for the estimated exposure 

level. Next, estimate the probability of cataracts in period j using the parameters of the 

fitted pooled logistic regression model for cataracts and the recreated exposure history. 

Finally, using the predicted probability of cataracts, draw the cataract indicator from a 

Bernoulli distribution. There is no loss-to-follow-up, and all individuals are followed 

until report of cataract or age 90. 

 

Treatment Regimes 

Under each treatment regime, we set an exposure limit L. For each estimated exposure in 

a given age-period !! that exceeds L, we replace the sampled exposure with the value of 

the exposure limit L. All values of estimated exposure that are below L remain the same. 
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The simulated treatment regime then uses these values of exposure for the subsequent 

predictions of work-status, exposures, and cataracts. 

 

Cumulative Incidence and Conditional Risks Estimation 

Using the Monte Carlo simulated dataset of the new pseudo-population, we estimated the 

cumulative incidence of cataracts up to each selected age-period j, using the following 

formula where the numerator is the number of cataracts for S ≤ j, and the denominator is 

the number of study participants with S ≤ j: 

# !"#"$"%#&
# !" !"#$  

Similarly, we estimated the conditional risks of cataracts for each selected age-

period j using the same formula where the numerator is the number of cataracts that 

occurred in j, and the denominator contains all participants that have survived to j and not 

had cataracts preceding j.  

To estimate the 95% confidence intervals, we repeated the entire process 500 

times by sampling from the observed data with replacement, re-fitting the parametric 

regression models, and estimating the cumulative incidence and conditional risks of 

cataracts, and calculating the risk differences between the natural course and the 

treatment regimes. The upper and lower confidence limits of the risk differences were 

estimated by using the 2.5th and the 97.5th percentiles of the risk difference distribution 

from the 500 bootstrap samples. 

 


