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Abstract

Given the rapid advancements in DNA sequencing technologies over the past decade

and a half, the amount of genetic data available has grown exponentially. Large-scale genome

studies of complex human traits and diseases have become increasingly prevalent, and discov-

eries from such studies are increasingly being applied to studies of individual or population

health to accomplish two major tasks of data science: causal inference and prediction. My dis-

sertation focuses on two specific applications of genetic data—Mendelian randomization and

risk prediction modeling for endometrial cancer.

Mendelian randomization (MR) is a popular application of instrumental variable (IV)

estimation which relies on genetic variation as an instrument to estimate the effect of an expo-

sure on an outcome. MR studies generally rely on IV methods that were developed for time-

fixed exposures. That is, they typically can only handle a single measurement of the exposure.

However, many MR studies are concerned with the effects of time-varying exposures, such as

alcohol intake or blood lipids. This makes estimates from such studies difficult to interpret and

potentially biased.

iii



Thesis advisor: Professor Immaculata De Vivo Joy Shi

In this dissertation, I describe the instrumental conditions required for IV estimation

with a time-varying exposure. I discuss three possible causal interpretations of MR estimates—

the point effect, the period effect, and the lifetime effect—and the assumptions required to

imbue these estimates with these interpretations. Next, I discuss methods to incorporate time-

varying exposures in MR analyses: g-estimation of structural mean models for linear outcomes,

and g-estimation of structural nested cumulative failure time models for time-to-event out-

comes. These extensions of IV methods overcome the limitations of classical IV methods for

time-varying exposures but have rarely been implemented in practice. I demonstrate applica-

tions of these models using data from the Framingham Heart Study (FHS) and the Nurses’

Health Study (NHS).

Last, I consider the role of genetic data in prediction by developing two risk prediction

models for endometrial cancer: a clinical-only model, which included factors collected via ques-

tionnaire (e.g. body mass index, hormone therapy use), and a clinical plus genetic model, which

additionally included germline genetic polymorphisms. The models were developed using

pooled data from the Epidemiology of Endometrial Cancer Consortium, and were externally

validated in three large cohorts. This analysis demonstrates the potential utility of such models

in identifying high risk women for risk-reducing interventions.
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1
Introduction

Since the first sequencing of the human genome in 2003, large-scale genome stud-

ies of complex human traits and diseases have become increasingly prevalent. Thousands of

genome-wide association studies (GWASs) have been published, reporting on over 1,000 differ-

ent traits to generate new insights into the underlying mechanisms of disease. 1,2 The identifica-

tion of over 10,000 variant-trait associations have demonstrated that complex traits are highly

polygenic, with many single nucleotide polymorphisms (SNPs) contributing small effects. 1,3 In

addition to identifying novel risk loci, GWAS discoveries are increasingly applied to studies of

individual or population health to accomplish two major tasks of data science: causal inference
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and prediction.4

1.1 Mendelian randomization to assess causal inference

Establishing causal relationships between putative risk factors and health outcomes is essential

for developing strategies for prevention. However, causal inference using observational data

presents a challenge—biases such as selection bias, information bias and especially confounding

may partly or wholly explain associations observed in data. Unlike most causal inference meth-

ods which rely on the unverifiable assumption of no unmeasured confounding, Mendelian ran-

domization has become an increasing popular method of estimating the effect of an exposure

on an outcome, even in the presence of unmeasured confounding. 5–7

Mendelian randomization (MR) is a form of instrumental variable analysis in which

genetic variation is used as an instrument. In essence, genetic variants identified to be causes

of or correlates of an exposure will also be associated with a given health outcome if there is a

causal relationship between that exposure and outcome. All instrumental variable methods

require the instrument—which may be one or many genetic variants in MR studies—to meet

three conditions:8

1. The instrument must be associated with the exposure.

2. The instrument must be associated with the outcome only through the exposure.

3. The instrument must not share common causes with the outcome.

Among the three IV assumptions, the first can be evaluated using data. Assumptions 2 and

3 cannot be verified, but can be falsified or shown to be inconsistent with prior evidence.8,9
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The second IV assumption may be violated if the genetic variant has pleiotropic effects—that

is, the gene affects another trait which, in turn, affects the outcome independent of the expo-

sure. The third IV assumption may be violated in the presence of population stratification,

in which there exists population substructures which affect both genetic ancestry and risk

of the outcome. Although assumptions 2 and 3 cannot be proven, the potential for violating

these assumptions can be minimized with careful consideration of prior knowledge on the bi-

ologic, clinical or social mechanisms linking the gene and the exposure, and the gene and the

outcome.9

Together, the three IV assumptions are sufficient for estimating bounds and testing the

sharp causal null hypothesis. However, to generate a point estimate for the average treatment

effect or the local average treatment effect, a fourth assumption of homogeneity or monotonic-

ity is required.8,10

With a dichotomous instrument Z, exposureA and outcome Y , the classic IV estimator

for the average causal effect of treatment on the additive scale is

E[Y a=1]− E[Y a=0] =
E[Y |Z = 1]− E[Y |Z = 0]

E[A|Z = 1]− E[A|Z = 0]

In the framework of a randomized controlled trial, participants are assigned to treatment level

Z but receive treatment levelA. The numerator of this estimator represents the intention-to-

treat (ITT) effect, or the effect of being randomized to a given treatment on the outcome. The

denominator represents the adherence to the assigned treatment level Z, and acts to inflate the

3



ITT effect. Alternate estimators are available for continuous instruments and to estimate effects

on the multiplicative scale.

Standard IV methods can only handle exposures measured at a single time point. How-

ever, most Mendelian randomization studies are concerned with the effects of exposures that

are sustained over long periods and hence are possibly time-varying exposures (e.g., body mass

index, dietary factors). As a result, most MR estimates are based on a single exposure measure-

ment and are often interpreted as the effect of a lifetime intervention on that exposure starting

from conception. 11–13 Unfortunately, the validity of such an interpretation requires additional

unverifiable conditions. 14,15 To incorporate multiple measurements of a time-varying exposure,

extensions of IV methods based on g-estimation of structural nested models can be used, al-

though have rarely been implemented in practice.

1.2 Risk prediction modeling

Accurate risk prediction for health outcomes allows for preventative treatments to be targeted

to individuals identified as high risk. Many risk prediction models, such as the Framingham

Risk Score (FRS) for cardiovascular disease and the Gail model for breast cancer, have been de-

veloped and implemented in clinical practice. 16,17 Given decreases in technical- and cost-related

barriers to whole genome sequencing, incorporating genetic factors into existing prediction

models to improve disease risk assessment is of great interest. Polygenic risk scores (PRS),

which provide a summary measure for the overall genetic risk of developing a particular out-
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come across many common variants, have been shown to inform therapeutic interventions and

disease screening. 18

Endometrial cancer is a significant public health problem and better risk prediction mod-

els are needed to identify high-risk women for targeted prevention. Endometrial cancer is the

fourth most commonly diagnosed cancer among women and the most common gynecological

malignancy in the United States. 19 While mortality rates have declined or stabilized in the past

decade for many common cancers, they have continued to increase since 2008.

A genetic component to endometrial cancer is well established. Individuals with a fam-

ily history of endometrial cancer are at 2-fold greater risk of developing the disease and, to date,

GWAS of endometrial cancer have identified 16 genetic risk regions.20,21 However, current un-

derstanding of the genetic architecture of endometrial cancer has yet to be incorporated into

existing risk prediction models for endometrial cancer.

1.3 Aims

This dissertation aims to extend conventional IV methods to accommodate multiple measures

of a time-varying exposure, and to apply methods in risk prediction modeling to incorporate

both genetic and clinical factors related to endometrial cancer. First, I describe the instrumen-

tal conditions required for IV estimation with a time-varying exposure, and any additional

assumptions required to imbue the estimates with a causal interpretation. I discuss methods to

incorporate time-varying exposures in MR analyses with continuous outcomes, and demon-

5



strate an application of g-estimation of structural mean models to MR analyses using data

from the Framing Heart Study (FHS). Next, I extend these methods to MR analyses of time-

to-event outcomes, and describe the identifiability assumptions required to apply g-estimation

of structural nested cumulative failure time models (SNCFTMs) to MR. Last, I develop a risk

prediction model for endometrial cancer using pooled data from an international consortium

of endometrial cancer, and validate the model in three large prospective cohort studies: Nurses’

Health Study (NHS), Nurses’ Health Study II (NHS II) and the Prostate, Lung, Colorectal

and Ovarian (PLCO) Cancer Screening Trial.
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2
Mendelian randomization methods for

repeated measures of a time-varying

exposure using structural mean models

2.1 Abstract

Mendelian randomization (MR) is often used to estimate effects of time-varying exposures on

health outcomes using observational data. However, MR studies typically use a single measure-

ment of exposure and apply conventional instrumental variable (IV) methods designed to han-

7



dle time-fixed exposures. As such, MR effect estimates for time-varying exposures are often bi-

ased, and interpretations are unclear. We describe the instrumental conditions required for IV

estimation with a time-varying exposure, and the additional conditions required to causally in-

terpret MR estimates as a point effect, a period effect or a lifetime effect depending on whether

researchers have measurements at a single or multiple time points. We propose methods to in-

corporate time-varying exposures in MR analyses based on g-estimation of structural mean

models, and demonstrate its application by estimating the period effect of alcohol intake, high-

density lipoprotein (HDL) cholesterol and low-density lipoprotein (LDL) cholesterol on in-

termediate coronary heart disease (CHD) outcomes using data from the Framingham Heart

Study. We use this data example to highlight the challenges of interpreting MR estimates as

causal effects, and describe other extensions of structural mean models for more complex data

scenarios.

2.2 Introduction

Instrumental variable (IV) methods can be applied to observational data to estimate a causal

effect of an exposure on an outcome.8 An increasingly used application of IV estimation is

in Mendelian randomization (MR) studies, in which genetic variants are proposed as instru-

mental variables.7,22,23 Many MR studies are concerned with the effects of time-varying expo-

sures (e.g., alcohol intake, blood lipids) but MR studies typically use a single measurement of

exposure and apply conventional IV methods designed to handle time-fixed exposures. As a

8



result, the validity and interpretation of MR effect estimates is unclear.24 Some authors inter-

pret current MR estimates based on a single exposure measurement as the effect of life-long

interventions on exposure that start at conception, 11–13 but such interpretation requires strong

unverifiable conditions. 15

Ideally, MR estimates would incorporate longitudinal data on time-varying exposures

into the analysis. However, even if information on time-varying exposures were available to

researchers, the problem remains that conventional IV methods cannot appropriately use such

information. Here we explore some alternatives for MR estimation with longitudinal data on

time-varying exposures.

Our paper is organized as follows. We first describe the instrumental conditions required

for IV estimation with a time-varying exposure. Next, we review the possible causal interpreta-

tions of MR estimates, depending on whether researchers have measurements of a time-varying

exposure at a single time point or at multiple time points. We then use extensions of IV meth-

ods based on g-estimation of structural mean models (SMMs), which overcome the limitations

of classical IV methods for time-varying exposures. As an illustration, we apply g-estimation of

SMMs to MR analyses that compare markers of coronary heart disease (CHD) under sustained

interventions on alcohol intake, low-density lipoprotein (LDL) cholesterol and high-density

lipoprotein (HDL) cholesterol using data from the Framingham Heart Study (FHS).

9



2.3 The instrumental conditions for time-varying exposures

IV methods require the existence of an instrumental variable, or instrument, that meets three

conditions. Informally, these instrumental conditions are (1) the instrument is associated with

the exposure; (2) the instrument does not affect the outcome except through its possible effect

on the exposure; and (3) the instrument and the outcome do not share causes.8 Conditions (2)

and (3) are not empirically verifiable. Additional unverifiable conditions are generally needed to

identify a causal effect, as we discuss below.

For a time-fixed exposure, a possible set of relationships between a causal instrument Z,

exposureA, outcome Y and unmeasured confounders U can be depicted using the canonical

causal directed acyclic graph (DAG) in Figure 2.1A.8 For a time-varying exposure, these relation-

ships are more accurately represented by the causal DAG in Figure 1B, in which the instrument

Z is associated with the time-varying exposureAm at multiple time points between conception

(m = 0) and the measurement of the outcome. 15,25 With a causal instrument Z as depicted in

Figure 2.1B, this causal diagram begins to illustrate the problems of MR analyses which consider

only a single measurementAm of a time-varying exposure: instrumental condition (2) is vio-

lated with respect to the effect ofAm on Y because the instrument Z has direct effects on the

outcome Y through the exposure at time points other thanm. 14,15,24

In the next two sections we consider three types of causal effects that can be targeted

when the exposure is time-varying: the effect of exposure at a single time point on the outcome

(point effect), the effect of exposure during a period on the outcome (period effect), and the

10



A B

Figure 2.1: Causal diagram for instrumental variable analyses with a causal instrument and
(A) a time-fixed exposure or (B) a time-varying exposure.

effect of exposure throughout the lifetime on the outcome (lifetime effect). We explore the con-

ditions required to identify these effects depending on whether researchers have measurements

of a time-varying exposure at a single time point or at multiple time points. A summary is pro-

vided in Table 2.1.

2.4 The effect of a point exposure

Suppose that the following information is available for each individual in the study population:

a causal genetic variant Z, a single measurement ofAm of a time-varying exposure at agem,

and the outcome Y measured once at age k > m. In this setting, the time-varying exposure is

measured at a single time.

Let Y am be the counterfactual (potential) outcome if the individual had received ex-

posure level a at agem, and E[Y am ] the mean counterfactual outcome had everyone received

exposure level a atm. By consistency, the counterfactual outcome Y am is equal to the observed

outcome Y among individuals whose observed exposure at timem is equal to am for any value

of am. The (average) point effect is the difference between the mean counterfactual outcome

had everyone received exposure level a atm and the mean counterfactual outcome had

11
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everyone received exposure level a′ atm. That is,

E[Y am ]− E[Y a
′
m ]

Conventional IV estimation of the point effect requires that the genetic variant Z be an

instrument forAm. This would be true if each component of the time-varying exposure other

thanAm is unaffected by the instrument (i.e., no arrow from Z intoAt when t ̸= m) or does

not affect the outcome (i.e., no arrow fromAt when t ̸= m to Y ). 15,24,25 Neither scenario is

likely to hold because genetic variants often have long-term effects (we expect arrows from the

instrument to multiple exposure time points), and many outcomes in MR studies are chronic

conditions with critical windows of exposure that span years or even decades (we expect arrows

from multiple exposure time points to outcome Y ).26

Now suppose that, for each individual in the study population, the time-varying expo-

sure were measured at p + 1 times: m − p, . . . ,m − 1,m. If we conducted p + 1 separate MR

analyses, each using one of these exposure measurements, can we interpret the resulting MR

estimates as an estimate of the point effect at each age? The answer is no, because we have, at

best, a single instrument Z for all p + 1MR analyses. The answer would be yes if we had p + 1

independent instruments, one for each exposure measurement ah form− p ≤ h ≤ m.

In summary, interpreting MR estimates for time-varying exposures as point effects re-

quire strong assumptions that are unlikely to hold in most settings, even when only a single

exposure measurement is considered.
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2.5 The effect of exposure during a period and the effect of exposure over

a lifetime

Suppose we are interested in the average causal effect on the outcome Y of a hypothetical inter-

vention on the exposure during the period [m − p, . . . ,m − 1,m]. The (average) period effect

is the difference between the mean counterfactual outcome had everyone received the exposure

trajectory (am−p, . . . , am−1, am) and the mean counterfactual outcome had everyone received

the exposure trajectory (a′
m−p, . . . , a

′
m−1, a

′
m) between timesm− p andm, that is,

E[Y am−p,...,am−1,am ]− E[Y a
′
m−p,...,a

′
m−1,a

′
m ]

This definition of the period effect could also include controlled direct effects, such as the effect

on outcome Y of the exposure at timem − pwhen the exposure at subsequent times is set to

fixed values.

However, even under strong assumptions, only some types of period effects can be iden-

tified by MR. One of these period effects is the effect of increasing the exposure by one unit

across the entire period, 15 that is, E[Y am−p+1,...,am−1+1,am+1] − E[Y am−p,...,am−1,am ]. Iden-

tifying this type of period effect—the shifting of exposure trajectories—allows us neither to

identify the critical windows of exposure within the (because we cannot attribute any or all of

the period effect to a specific time point or time window) nor to isolate the direct effect of the

exposure during that period. For example, since the exposure within the period may affect sub-
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sequent exposure, we cannot disentangle the direct effect of the exposure during this period

from the effects that may be mediated by the exposure after this period time points. While iden-

tifying other types of period effects via MR may be possible, they may require multiple inde-

pendent instruments and further research is required to substantiate the necessary assumptions

to do so.

When the time-varying exposure is measured at a single time h form − p ≤ h ≤ m, the

effect of increasing exposure by one unit across the period can be identified if: (i) for a causal

effect on the additive scale, the Z–Ah association is constant on the additive scale over the pe-

riod, 15 that is, for a dichotomous instrument Z, E[Ah|Z = 1]− E[Ah|Z = 0]must be the same

for all h in this period, and (ii) each component of the time-varying exposure outside of this

time period is unaffected by the instrument or has no effect on the outcome. Condition (i) is

unlikely to hold for many exposures, and is known not to hold for body mass index (BMI)27–29,

low-density lipoprotein cholesterol 30, and blood pressure 31,32 if the period is long. Condition

(ii) is a weaker form of the assumption required for estimating a point exposure as fewer arrows

from the causal diagram need to be removed, but is only plausible if the period studied very

closely mapped onto a known critical period. 15

When the time-varying exposure is measured at more than one time point, the effect of

increasing exposure by one unit during the period can be identified under condition (ii) and

a weaker form of condition (i). With multiple exposure measurements, changes in the Z–Ah

association during the period is reflected by changes in the measured exposure levels over time.

When the period starts at the time of conception, that is, whenm − p = 0we refer to

15



the period effect as the lifetime effect between conception and timem. In general, as the length

of the period increases, fewer arrows from the causal diagram need to be removed to have a

valid instrument, but the exposure measurements must be representative of a longer exposure

experience.

In summary, interpreting MR estimates for time-varying exposures as period effects re-

quire fewer assumptions when multiple measures of the time-varying exposure are considered.

Next, we describe how to extend MR methods to accommodate multiple measures of an expo-

sure.

2.6 Structural models for point, period, and lifetime effects

An additive structural mean model (SMM) is a model for the expected difference in the coun-

terfactual outcomes under two different exposure strategies. The SMM for the point effect of a

time-varying exposure at agem is

E[Y am − Y 0|Am, Z] = γ(Z, am;ψm)

where γ(Z, am;ψm) is a function of instrument Z and exposure am, indexed by the unknown

parameter ψm. For simplicity, we consider only the instrument Z and exposure am, although

the SMM could further incorporate measured covariates8,33—a point we will return to in the

discussion. For a dichotomous exposure and instrument, the saturated parameterization of this

SMM is γ(Z, am;ψm) = ψm,1am + ψm,2amZ.
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However, the parameters of this saturated model cannot be identified with IV estima-

tion.8,33 That is, the model cannot be a function of the instrument Z, or γ(Z, am;ψm) =

γ(am;ψm). Therefore, we will parameterize the SMM as

E[Y am − Y 0|Am, Z] = ψm,1am

where ψm,1 represents the point effect atm and equals the usual IV estimand and thus makes a

homogeneity assumption of no additive effect modification of the exposure on the outcome by

the instrument within levels of exposure.8

The SMM for a period effect between agesm− p andm is:

E[Y am−p,...,am−1,am − Y 0̄|Am−p, . . . , Am−1, Am, Z] = γ(am−p, . . . , am−1, am;ψ)

where 0̄ ≡ (am−p = 0, . . . , am−1 = 0, am = 0) and γ(am−p, . . . , am−1, am;ψ) is a func-

tion of the exposure between agem − p and agem indexed by the unknown (possibly vector-

valued) parameter ψ. Once we consider multiple time points, this model is also referred to as a

structural nested mean model (SNMM) as it represents a series of nested equations, where each

equation corresponds to an exposure time point.8 The first equation models the effect of receiv-

ing the exposure at the first time point and never again afterwards, the second equation models

the effect of receiving the exposure at the second time point and never again afterwards, and so

forth.
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The constraints on the types of period effects that can be identified via MR are the result

of the constraints that IV estimation imposes on the parametrization of the SMM. Generally,

multiple independent instruments are not available for MR analyses, and therefore parameters

in a SNM which represent controlled direct effects of exposure time points cannot be identified

using IV methods. In the parameterizations below, the SMMs are a model for only the overall

effect of a shift in the exposure trajectory during the period [m − p, . . . ,m − 1,m]. With one

measurement of the exposure at time hwherem − p ≤ h ≤ m, the period effect of this

trajectory shift can be represented by ψh in SMM

E[Y am−p=a,...,am−1=a,am=a − Y 0̄|Am−p, . . . , Am−1, Am, Z] = ψha

With up to p+ 1 exposure measurements during the period [m− p, . . . ,m− 1,m], the model

expands to include up to p + 1 ψ parameters. However, each individual element of the vector

ψ has no causal interpretation, but rather can be combined to attain the period effect of interest.

One example is to sum the components

E[Y am−p=a,...,am−1=a,am=a − Y 0̄|Am−p, . . . , Am−1, Am, Z] =
J∑
j=1

ψja

so that
∑J

j=1 ψja represents the period effect of increasing the exposure by a units across the

period.

In the case of a single IV and a single exposure measurement, it can be shown that the
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usual IV estimand used in MR studies equals ψm,1 from the additive SMM for the point esti-

mate, and ψh from the single parameter SMM for the period effect if the above assumptions

hold.8,33,34 Next, we describe the process for estimating the parameters of a SMM.

2.7 Estimation

The parameters of SMMs can be estimated via g-estimation. Consider again the SMM for the

point effect at timem

E[Y am − Y 0|Am, Z] = ψm,1am

Under the instrumental conditions, it can be shown8,35 that

ψ̂m,1 =

n∑
i=1

Yi(Zi − E[Z])/
n∑
i=1

Am,i(Zi − E[Z])

because the SMM is linear.

Now consider an SMM for p+1 point effects with vector-valued variables a = (am−p, . . . , am−1, am)

and Z = (Zm−p, . . . , Zm−1, Zm), and the vector-valued parameter ψ = (ψ1, . . . , ψp+1). Then

ψ̂ =

[
n∑
i=1

Yi(Zi − E[Z])′
][

n∑
i=1

Ai(Zi − E[Z])′
]−1

For estimating period or lifetime effects using a single exposure measurement, we have

measuredAh form − p ≤ h ≤ m, which acts as a proxy measure for the observed expo-

sure trajectory in this period. We use the same closed form estimator as shown above. With J
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exposure measurements in the period [m − p, . . . ,m − 1,m], we consider the vector-valued

variablesAh = (Ah1, . . . , Ahj) and Z = (Z1, . . . , Zj), and the vector-valued parameter

ψ = (ψ1, . . . , ψj) instead. We need J instruments to estimate J parameters but, for this pe-

riod effect, these instruments do not need to be independent. However, correlated instruments

result in less precise estimates. Confidence intervals for the g-estimate ψ̂ and for the point, pe-

riod or lifetime effect can be estimated via bootstrapping. Next, we demonstrate an applica-

tion of SMMs to an MR analysis to infer the period effects of alcohol intake, HDL cholesterol

and LDL cholesterol on intermediate CHD outcomes using data from the Framingham Heart

Study.

2.8 Application: the effect of alcohol and cholesterol on the risk of

coronary heart disease

MR studies of alcohol intake, HDL cholesterol and LDL cholesterol have used only a sin-

gle measurement of exposure to estimate their lifetime effects on CHD risk exposures, de-

spite evidence that alcohol intake and blood lipid levels can change substantially over the life

course. 36–38 We used data from the Framingham Heart Study to estimate the period effect of a

one drink/day shift in alcohol intake trajectory, a 10mg/dL shift in HDL cholesterol trajectory

or a 10 mg/dL shift in LDL cholesterol trajectory on intermediate CHD outcomes. We com-

pared estimates from SMMs with a single point exposure against SMMs with multiple point ex-

posures, and defined the period of interest to be during the time of follow-up for participants.
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2.8.1 Study population

This study was completed using fully anonymized data from the Framingham Heart Study

(FHS) obtained through dbGAP (https://dbgap.ncbi.nlm.nih.gov, dbGAP study accession:

phs000007). FHS is an ongoing prospective cohort study on cardiovascular disease. 39 Our

study included descendants of the Original Cohort who formed the Third Generation Co-

hort.40 At the time of analysis, data for two examination cycles were available: at baseline (or

examination 1), and at the next follow-up examination completed 6 years after baseline (or ex-

amination 2). The analysis was restricted to individuals with no history of cardiovascular dis-

ease at baseline and with complete data on exposure at baseline, outcome, and all proposed in-

struments. This left an analytical sample of 2,938 participants for alcohol intake-related analyses

and 2,920 participants for blood lipids-related analyses (Figure 2.2). All participants provided

written consent to participate in the study, and all analyses described here were approved by the

Harvard T.H. Chan School of Public Health Institutional Review Board.

2.8.2 Proposed instruments

We proposed weighted allele scores—based on genetic variants of alcohol intake, HDL choles-

terol and LDL cholesterol—as instruments. Blood samples for DNA extraction were collected

at examination 1. Participants were genotyped through an NHLBI funded SNP-Health Asso-

ciation resource project using the Affymetrix GeneChip Human Mapping 500K Array and

50K Human Gene Focused Panel. Genotyping methods, quality control, and imputation
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Figure 2.2: Inclusion and exclusion of study participants from the Framingham Heart Study
(FHS) Third Generation (Gen III) Cohort

22



procedures have been previously described.41 Single nucleotide polymorphisms (SNPs) were

identified as candidate instruments based on previous genome-wide association studies of alco-

hol use42, and blood lipids43. Of the 156 genome-wide significant SNPs for alcohol intake, 26

candidate SNPs remained after excluding those that were also significant for age of initiation

of regular smoking, ever smoking, cigarettes per day and smoking cessation (Appendix Table

A.2).42 For blood lipids, 50 out of 60 genome-wide significant SNPs for HDL cholesterol and

25 out of 30 genome-wide significant SNPs LDL cholesterol remained after excluding those

that were significant for both HDL and LDL cholesterol, or for triglycerides (Appendix Ta-

bles A.3-A.4).43 Reported magnitudes of each variant-trait association from previous GWAS

were used as weights. We checked for violations of the instrumental inequalities (see Appendix

A.1)44 and applied three selection algorithms to select for variants to be included in the deriva-

tion of different weighted allele scores (see Appendix A.2).

2.8.3 Exposures

Alcohol intake was assessed via questionnaire45 and blood was drawn from participants after

an overnight fast at both examination time points. HDL cholesterol concentrations were mea-

sured directly using standardized assays and LDL cholesterol concentrations were estimated

from the standard lipid profile.46

23



2.8.4 Outcomes

C reactive protein (CRP), gamma-glutamyl transferase (GGT), and ankle-brachial index (ABI)

were assessed at the second examination. CRP was measured in fasting blood samples using

high-sensitivity nephelometric immunoassays (Dade Behring). Plasma GGT activity was mea-

sured using spectrophotometry (Quest Diagnostics, MedPath, Teterboro, NJ).47 ABI was cal-

culated as the ratio of the average systolic blood pressure (SBP) measured at the ankles to the

higher of the two brachial SBP measurements. CRP and GGT were normalized by using a log

transformation.

2.8.5 Statistical analysis

To estimate the period effects, we considered two SMMs. The first included a single ψ parame-

ter for the period effect:

E[Y − Y 0̄|Am−p, . . . , Am−1, Am, Z] = ψ1A

where we considered three possible measures: (1) exposure measured at examination 1; (2) expo-

sure measured at examination 2; (3) average exposure across the two examination time points.

The second SMM included multiple (J = 2) ψ parameters:

E[Y − Y 0̄|Am−p, . . . , Am−1, Am, Z] =
2∑
j=1

ψjA
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where exposure measurements at both examination time points were considered. We g-estimated

the parameters of the SMMs as described above. For the second SMM, we used three different

sets of weighted allele scores as proposed instruments to obtain different estimates for the pe-

riod effect. MR estimates from SMMs of log-transformed CRP or log-transformed GGT were

exponentiated to represent multiplicative effects on the natural scale. We bootstrapped 1,000

samples to obtain 95% confidence intervals. All analyses were conducted in R 3.5.2 (www.r-

project.org, R Core Development Team).

2.8.6 Results

At baseline, mean age at examination 1 was 40.3 years and ranged from 19 to 72 years (Table

2.2). The strength of the association between the weighted allele scores and their respective

exposure measures varied by the selection algorithm applied (Tables 2.3-2.4). When multiple

instruments were required, correlations between the proposed instruments varied, ranging

from highly correlated (r = 0.79 to r = 0.81 for algorithm 1) to no correlation (r = −0.03

to r = 0.02 for algorithm 3). Associations between the proposed instrument and the outcome

was observed for alcohol intake and GGT, and for LDL cholesterol and ABI (Table 2.5).
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Table 2.2: Baseline characteristics of study participants from the Framingham Heart Study
(FHS) Third Generation (Gen III) Cohort (n = 3,150)

n
(% missing)

Summary
statistic

Age (years), mean ± SD 3,150 (0.00) 40.3 ± 8.7
Sex, n (%) 3,150 (0.00)

Male 1,467 (46.6)
Female 1,683 (53.4)

Education, n (%) 3,141 (0.29)
High school / GED or less 473 (15.1)
Some college or equivalent, no degree 525 (16.7)
Bachelor’s degree or equivalent 1,606 (51.1)
Graduate or professional degree 537 (17.1)

Smoking status, n (%) 3,148 (0.06)
Never smoker 1,835 (58.3)
Former smoker 862 (27.4)
Current smoker 451 (14.3)

Number of cigarettes smoked (cigarettes/day), mean ± SD 3,143 (0.22) 6.6 ± 10.5
Physical activity (hours/day), mean ± SD

Slight activity (e.g. standing, walking) 3,132 (0.57) 5.1 ± 2.7
Moderate activity (e.g. housework, light sports) 3,132 (0.57) 3.5 ± 2.5
Heavy activity (e.g. intensive sports) 3,134 (0.51) 1.3 ± 1.8

BMI (kg/m²), mean ± SD 3,148 (0.06) 26.7 ± 5.4
Blood pressure (mmHg), mean ± SD

Diastolic 3,147 (0.10) 75.2 ± 9.6
Systolic 3,150 (0.00) 116.6 ± 14.1

Ever prescribed antihypertensive medication, n (%) 3,148 (0.06) 274 (8.7)
Ever prescribed cholesterol-lowering medication, n (%) 3,148 (0.06) 227 (7.2)
Alcohol intake (g/day), mean ± SD 2,938 (6.73) 11.0 ± 15.2
Lipids (mg/dL), mean ± SD a

Total cholesterol 2,921 (0.07) 188.9 ± 35.2
HDL cholesterol 2,920 (0.10) 55.3 ± 16.2
LDL cholesterol 2,920 (0.10) 112.5 ± 31.9

a Percent missing calculated among participants who have never been prescribed cholesterol-lowering
medication (n = 2,923)
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Table 2.3: Associations of weighted allele scores with corresponding exposure of interest

Exposures Number n r (95% CI) β (95% CI)aof SNPs

Alcohol intake (per 14 g/day)
Algorithm 1 b

Exam 1 13 2,938 0.110 (0.074, 0.145) 0.119 (0.080, 0.158)
Exam 2 13 2,815 0.119 (0.083, 0.156) 0.139 (0.096, 0.182)
Average 12 2,815 0.124 (0.088, 0.160) 0.126 (0.088, 0.163)

Algorithm 2 c

Exam 1 8 2,938 0.084 (0.048, 0.119) 0.090 (0.051, 0.129)
Exam 2 6 2,815 0.106 (0.069, 0.142) 0.123 (0.081, 0.166)

Algorithm 3 d

Exam 1 7 2,938 0.080 (0.044, 0.115) 0.086 (0.047, 0.125)
Exam 2 6 2,815 0.077 (0.040, 0.114) 0.090 (0.047, 0.133)

HDL cholesterol (per 10 mg/dL)
Algorithm 1 b

Exam 1 26 2,920 -0.178 (-0.213, -0.142) -0.289 (-0.347, -0.231)
Exam 2 22 2,913 -0.156 (-0.191, -0.120) -0.279 (-0.343, -0.215)
Average 26 2,913 -0.174 (-0.209, -0.139) -0.282 (-0.340, -0.225)

Algorithm 2 c

Exam 1 27 2,920 -0.159 (-0.194, -0.123) -0.258 (-0.317, -0.200)
Exam 2 20 2,913 -0.135 (-0.170, -0.099) -0.241 (-0.305, -0.177)

Algorithm 3 d

Exam 1 16 2,920 -0.135 (-0.171, -0.099) -0.220 (-0.278, -0.161)
Exam 2 9 2,913 -0.097 (-0.133, -0.061) -0.174 (-0.239, -0.110)

LDL cholesterol (per 10 mg/dL)
Algorithm 1 b

Exam 1 16 2,920 -0.191 (-0.226, -0.156) -0.610 (-0.724, -0.496)
Exam 2 15 2,913 -0.202 (-0.236, -0.167) -0.606 (-0.712, -0.499)
Average 14 2,913 -0.214 (-0.248, -0.179) -0.594 (-0.693, -0.495)

Algorithm 2 c

Exam 1 8 2,920 -0.114 (-0.150, -0.079) -0.365 (-0.480, -0.250)
Exam 2 12 2,913 -0.199 (-0.233, -0.164) -0.596 (-0.703, -0.489)

Algorithm 3 d

Exam 1 5 2,920 -0.157 (-0.193, -0.122) -0.501 (-0.616, -0.387)
Exam 2 11 2,913 -0.083 (-0.119, -0.047) -0.248 (-0.357, -0.140)

a Standard deviation change (or difference) in the weighted allele score per specified increase in the expo-
sure
b Variants were selected from all candidate SNPs to maximizeR2 between the score and the exposure
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measure
c Variants were selected from all candidate SNPs to maximize difference inR2 values for the weighted al-
lele score and the two examination time point measures
d Variants were selected from SNPs on odd numbered chromosomes to maximizeR2 between the score
and the exposure at examination 1; variants were selected from SNPs on even numbered chromosomes
to maximizeR2 between the score and the exposure at examination 2
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Table 2.4: Distributions of alcohol intake, HDL cholesterol and LDL cholesterol at various
time points across quartiles of the corresponding weighted allele scores

Quartile 1 Quartile 2 Quartile 3 Quartile 4

Alcohol intake (g/day), mean ± SD
Algorithm 1 a

Exam 1 8.9 ± 12.3 10.2 ± 14.1 10.9 ± 14.0 13.8 ± 18.9
Exam 2 9.7 ± 13.6 11.0 ± 15.2 11.8 ± 14.9 15.1 ± 20.4
Average 9.4 ± 12.0 10.5 ± 12.3 11.6 ± 14.0 14.2 ± 17.4

Algorithm 2 b

Exam 1 9.6 ± 12.5 10.1 ± 13.8 11.9 ± 17.2 12.4 ± 16.5
Exam 2 9.6 ± 12.8 11.1 ± 14.4 13.5 ± 18.9 13.6 ± 18.4

Algorithm 3 c

Exam 1 9.8 ± 12.5 10.8 ± 15.3 10.7 ± 15.1 12.7 ± 17.3
Exam 2 10.8 ± 15.4 11.5 ± 15.3 11.9 ± 15.8 13.6 ± 18.6

HDL cholesterol (10 mg/dL), mean ± SD
Algorithm 1 a

Exam 1 58.5 ± 16.6 56.4 ± 17.3 54.4 ± 15.6 51.7 ± 14.6
Exam 2 63.7 ± 18.1 61.2 ± 18.5 59.7 ± 17.5 57.1 ± 16.8
Average 60.9 ± 16.7 58.9 ± 16.8 57.4 ± 16.2 54.3 ± 14.4

Algorithm 2 b

Exam 1 58.1 ± 17.9 56.2 ± 15.9 55.1 ± 15.8 51.6 ± 14.6
Exam 2 63.7 ± 18.7 60.8 ± 17.7 59.3 ± 17.7 57.8 ± 16.8

Algorithm 3 c

Exam 1 58.2 ± 16.9 55.7 ± 16.6 54.3 ± 15.7 52.8 ± 15.3
Exam 2 62.1 ± 17.6 61.3 ± 18.6 60.8 ± 18.5 57.3 ± 16.6

LDL cholesterol (10 mg/dL), mean ± SD
Algorithm 1 a

Exam 1 119.3 ± 31.7 115.4 ± 31.3 112.2 ± 32.3 103.1 ± 29.9
Exam 2 113.3 ± 30.5 108.8 ± 30.9 102.4 ± 28.9 98.4 ± 27.4
Average 116.1 ± 28.0 112.4 ± 28.4 107.0 ± 26.0 100.7 ± 26.2

Algorithm 2 b

Exam 1 117.0 ± 33.0 113.1 ± 32.9 110.2 ± 30.5 109.3 ± 30.4
Exam 2 113.4 ± 31.1 108.3 ± 30.7 103.6 ± 28.1 97.5 ± 27.7

Algorithm 3 c

Exam 1 117.8 ± 30.8 113.2 ± 31.2 113.0 ± 31.7 104.1 ± 32.3
Exam 2 108.6 ± 29.4 106.4 ± 31.8 105.3 ± 30.4 102.5 ± 28.1

a Variants were selected from all candidate SNPs to maximizeR2 between the score and the exposure
measure
b Variants were selected from all candidate SNPs to maximize difference inR2 values for the weighted al-
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lele score and the two examination time point measures
c Variants were selected from SNPs on odd numbered chromosomes to maximizeR2 between the score
and the exposure at examination 1; variants were selected from SNPs on even numbered chromosomes
to maximizeR2 between the score and the exposure at examination 2
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Estimates for the period effects of alcohol intake, HDL cholesterol and LDL cholesterol

on CRP level, GGT levels and ABI were similar across SMM parameterizations (Figure 2.3).

For every drink/day shift in the exposure trajectory over the study follow-up period, GGT lev-

els at examination 2 increased by 12.8% to 30.8%. For LDL cholesterol, a 10 mg/dL shift over the

study period resulted in an increase of 0.003 to 0.005 units in ABI at examination 2. However,

the precision of these estimates varied across SMMs.

2.9 Discussion

We described possible causal interpretations of MR estimates—the point effect, the period

effect, and the lifetime effect—and the additional assumptions that are required for these in-

terpretations. For period and lifetime effects, we focused on the effect of shifting an exposure

trajectory over a defined time period. In general, the assumptions required for the point effect

interpretation are biologically implausible, regardless of the number of exposure measurements

available, whereas the assumptions required for the period or lifetime effect interpretations are

more plausible and can become increasingly plausible with more exposure measurement time

points.

We also described and demonstrated how to extend MR methods to accommodate mul-

tiple measures of an exposure by using SMMs. Although the MR estimates from SMMs and

conventional IV estimators (e.g. ratio of coefficients, two-stage least squares) are numerically

equivalent,8,33 SMMs make explicit the counterfactual contrasts of interest and can be extended
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A

B

C

Figure 2.3: Comparison of period effects and 95% confidence intervals using different analytic
approaches for (A) alcohol intake, (B) LDL cholesterol and (C) HDL cholesterol. Algorithm 1
selected variants which maximizedR2 between the score and the exposure measure; algorithm
2 selected variants which maximized the difference inR2 values for the weighted allele score
and the two examination time point measures; algorithm 3 selected variants on odd numbered
chromosomes which maximizedR2 between the score and the exposure at examination 1 and
variants on even numbered chromosomes which maximizedR2 between the score and the ex-
posure at examination 2
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in several ways.8,34,48 First, SMMs can use surrogate instruments, although the violations of

instrumental conditions need to be redefined. 15 Second, SMMs can include more than two ex-

posure measurements and non-linear outcomes. Third, inverse probability of weighting can

be used to account for selection bias due to loss to follow-up, although generally cannot ad-

dress potential biases in most MR studies that result from conditioning on surviving up until

the point of study entry.24,49,50 Last, SMMs can incorporate covariates to address potential

violations of the third instrumental condition or allow for a weaker versions of homogeneity

assumptions.

However, our data example highlights four key challenges in estimating and interpreting

period effects from MR analyses.

The first is defining the period of interest. We defined the period as the time under

follow-up, but then key assumptions for estimating this period effect may not hold: our pro-

posed instrument likely affects exposure outside of this period and prior exposure likely has

direct effects on the outcome. Alternatively, we could have interpreted our estimates as lifetime

effects, but the two exposure measurements, taken only 6 years apart, are unlikely to capture

a lifetime’s worth of changes in exposure. In fact, the exposure levels at each time point were

highly correlated, which may explain the similar estimates of the single- and multi-parameter

SMMs.

The second challenge is the choice of time scale. If MR studies were analogues of a ran-

domized trial as is commonly argued, randomization would occur at conception and therefore

age would be the natural time scale.24 Due to wide variations in age at first visit and short du-
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ration of follow-up, we were limited to using time since enrollment in the study as the time

scale, which implies the added assumption that the period effect is homogeneous across age.

The plausibility of this assumption is not only specific to the exposure-outcome relationship of

interest, but also depends on the variability in age.

The third challenge is the lack of sufficiently well-defined interventions in MR stud-

ies, which makes it hard to assess their practical implications. 51 In our MR study, individuals

achieve their LDL cholesterol levels through various physiological pathways related to the ge-

netic variants under consideration, but the specific LDL cholesterol-lowering interventions (e.g.

diet, medication) that are available in the real world may not target those same physiological

pathways or may target additional ones. As a result, even if valid, the MR effect estimate may

have a different magnitude than the effect of available interventions.

Last is an issue of the precision of these estimates for multi-parameter SMMs. Precision

was affected by both the strength of and correlation between the proposed instruments. In our

analysis, we used a variety of selection algorithms to generate multiple scores as proposed in-

struments. Because we applied these selection algorithms to the same data used in the analyses,

confidence intervals should only be used for comparisons between models.

In conclusion, we present an application of structural mean models to estimate the effect

of a time-varying exposure on an outcome using MR with repeated exposure measurements.

Given the increasing popularity of MR as a method for answering causal questions, as well

as increasing availability of longitudinal data in genetic studies, this work provides a basis for

considering repeated measures of time-varying exposures in future MR studies.
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3
Instrumental variable estimation for a

time-varying treatment and a

time-to-event outcome via structural

nested cumulative failure time models

3.1 Abstract

In many applications of instrumental variable (IV) methods, the treatments of interest are in-

trinsically time-varying and outcomes of interest are failure time outcomes. A common exam-

ple is Mendelian randomization (MR), which uses genetic variants are proposed IVs. In this

article, we present a novel application of g-estimation of structural nested cumulative failure
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models (SNCFTMs), which can accommodate multiple measures of a time-varying treatment

when modelling a failure time outcome in an IV analysis. A SNCFTM models the ratio of two

conditional mean counterfactual outcomes at time k under two treatment strategies which

differ only at an earlier timem. These models can be extended to accommodate inverse proba-

bility of censoring weights, and can be applied to case-control data. We also describe how the g-

estimates of the SNCFTM parameters can be used to calculate marginal cumulative risks under

nondynamic treatment strategies. We examine the performance of this method using simulated

data, and present an application of these models by conducting an MR study of alcohol intake

and endometrial cancer using longitudinal data from the Nurses’ Health Study.

3.2 Introduction

Instrumental variables (IVs) provide an approach to consistently estimate an average causal

effect of a treatment on an outcome, even in the presence of unmeasured confounding. In

double-blind randomized trials, IV methods allow one to estimate the per-protocol effect by

using randomization assignment as an IV. 33 In observational studies, an increasingly popular

application of IVs is Mendelian randomization (MR), in which genetic variants are used as pro-

posed IVs.7,24 In many IV studies, including those which use MR, the treatments of interest are

time-varying and many outcomes of interest are failure time outcomes. However, conventional

IV methods were designed to handle time-fixed treatments and IV methods for failure time out-

comes are less commonly used in practice.23 Thus, there is a mismatch between the goal of these
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studies and the availability of IV methods.

In Chapter 2, we have previously described extensions of IV methods based on g-estimation

of structural mean models to incorporate time-varying treatments in MR analyses. Others

have described structural nested accelerated failure time 52 and structural nested cumulative

surviva 53,54 models to incorporate failure time outcomes in an IV analysis. However, these

approaches only allow one to propose simplistic structural models or were developed in the

context of a time-fixed treatment.

Structural nested cumulative failure time models (SNCFTMs) overcome both of these

limitations. 55 SNCFTMs have been previously discussed as a method of estimating the causal ef-

fect of a time-varying treatment on a failure time outcome under the sequential exchangeability

assumptions that all time-varying confounders have been measured and that failure is rare un-

der all possible treatment values. 55 Here we describe, under the rare failure assumption, the use

of SNCFTMs to incorporate time-varying treatments in IV analyses of failure time outcomes.

We first introduce notation and describe SNCFTMs when estimating the parameters using an

IV. Next, we examine the performance of the proposed method in simulation studies. Last, we

consider an MR study to estimate the effect of alcohol intake on endometrial cancer risk based

on data from the Nurses’ Health Study I.
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3.3 Notation and identifying assumptions

Let k = 0, 1, 2, . . . ,K + 1 denote time interval where k = 0 denotes start the follow-up.

For each individual, let Z represent the value of a time-fixed instrument (e.g., germline genetic

variants in MR studies),Ak the treatment value during interval k, and Yk an indicator (1: yes, 0:

no) for the outcome before start of interval k = 1, 2, . . . ,K+1. We use an overbar to represent

history from time 0, that is Āk = (A0, A1, . . . , Ak), and an underbar to represent treatment up

to the end of the study, that is Ak = (Ak, Ak+1, . . . , AK).

A static treatment strategy g is defined as g ≡ ḡK ≡ (a0, a1, . . . , aK)where treatment

ak is assigned to each individual at time k. For example, for a dichotomous treatment, the strat-

egy “never treat” is represented by g = 0̄ and the strategy “always treat” is represented by g = 1̄.

In failure time settings, the strategy “always treat” is more precisely specified as “always treat

before failure” and thus can be viewed as a dynamic strategy g ≡ ḡK ≡ (g0, g1, . . . , gK), where

gk = 1when Yk−1 = 0 and gk = 0 otherwise. In this paper, we will also consider the strat-

egy “receive the treatment actually received through k but no treatment thereafter”, which is

represented by g = (Āk, 0).

Let Y g
k represent the counterfactual outcome at time k had they followed the treatment

strategy g. By consistency, the counterfactual outcome Y g
k is equal to the observed outcome

Yk among individuals whose observed treatment history is equal to that specified by g between

times 0 and k − 1.

The instrumental variable Z must meet the three instrumental conditions: (1) the instru-
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ment is associated with the treatment, or Z ⊥⊥ Ak does not hold for any k; (2) the instrument

affects the outcome only through the treatment, or Y z,g
i,k = Y z′,g

i,k = Y g
i,k for all individuals i,

k, z, z′ and g; and (3) there are no common causes, or other sources of lack of exchangeability,

between the instrument and the outcome, or Z ⊥⊥ Y z,g
k for all z, k, and g. The last two con-

ditions, taken together, imply exchangeability between the instrument and the counterfactual

outcome under a given treatment strategy, Z ⊥⊥ Y g
k .

The three instrumental conditions alone are insufficient to obtain a point estimate. To

do so, we can make a fourth assumption of homogeneity. One version of this assumption as-

serts that the instrument Z does not modify the effect of the treatmentAk on the outcome

Yk+1 on the multiplicative scale. As we describe below, this assumption precludes us from in-

cluding a product term between the instrument and the treatment in the model.

3.4 G-estimation of structural nested cumulative failure time models

with an isntrumental variable

Let E[Y g
k ] represent the counterfactual risk of developing the outcome by time k had everyone

followed the treatment strategy g. SNCFTMs compare the counterfactual risks at k under the

strategies (Ām, 0) and (Ām−1, 0), for each timem < k, among individuals who are free of

the outcome throughm (i.e., Ym = 0) and had treatment history Ām and the same covariate

history throughm. When adjusting for confounders, “covariate history” means confounder his-

tory; 55 when using instrumental variable estimation, “covariate history” means the instrument
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Z. “Covariate history” may additionally include instrument-outcome confounders or effect

modifiers to allow for a weaker variation of the instrumental conditions or the homogeneity

assumption—a point we will describe further in the discussion.

Specifically, an SNCFTM models the ratio

exp[γk(Ām, Z;ψ)] =


E
[
Y

(Ām,0)
k |Ām, Z, Ym = 0

]
E
[
Y

(Ām−1,0)
k |Ām, Z, Ym = 0

] if Ym = 0

1 if Ym = 1

for each timem < k, where γk(Ām, Z;ψ) is a function of the treatment history throughm

and the instrument, indexed by the parameter ψ. Because the two treatment strategies in the

numerator and the denominator differ only at timem, the SNCFTM models the effect of a

“blip” of treatment at timem on outcome at time k. Hence, γk(Ām, Z;ψ) is also referred to as

a “blip function”. Note the fourth condition of homogeneity implies the absence of product

terms between the instrument Z and the treatmentAm.8 Therefore, for our IV analysis, the

blip function cannot depend on the instrument Z, or γk(Ām, Z;ψ) = γk(Ām;ψ). As an

example, we use

γk(Ām;ψ) = 1 +
exp(ψAm)− 1

k −m

which allows for the effect ofAm to vary as time sincem increases, although other choices of

blip functions have been previously described. 55

The interpretation of the parameter ψ depends on the choice of blip function. 55 Under
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certain conditions, as described in the next section, the parameter ψ can be mapped into the

counterfactual risks under treatment strategies of interest, which have a natural interpretation

for causal inference. In the remainder of this section, we describe g-estimation of ψ. In the next

section, we describe how to use the estimate to compute the risks under the strategies of inter-

est.

G-estimation has been previously described under the assumption of no unmeasured

treatment-outcome confounders. 55 For IV estimation, the estimating function is:8,55

U(ψ†, Z) =
K∑
m=0

(1− Ym)

K+1∑
k=m+1

(Z − E[Z|Ym = 0])Hm,k(ψ
†)

whereHm,k(ψ
†) is defined as

Hm,k(ψ
†) =


Yk exp

−
k−1∑
j=m

γj,k(Āj ;ψ
†)

 if Ym = 0

1 if Ym = 1

and E[Hm,k(ψ
†)|Ām, Z] is equal to the mean counterfactual outcome, E[Y (Ām−1,0)

k |Ā, Z],

when ψ† is equal to its true value ψ.

Under the IV assumptions, the value ψ̂ that solves E[U(ψ†;Z)] = 0 is our g-estimate.8

The equation can be numerically solved, as previously described, using the Newton-Raphson

procedure.8 The 95% confidence interval for ψ̂ can be obtained by bootstrapping. Selection

bias due to censoring during follow-up can be addressed by inverse probability weighting, as
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has been previously described. 55

3.5 Computing marginal risks under two treatment strategies

The parameter ψ of the SNCFTM can be used to calculate the counterfactual risks under a

given treatment strategy. 55 The risk E[Y 0̄
k ] under the “never treat” strategy 0̄ is obtained by “re-

moving” the effect of an individual’s non-zero treatment at each time period k from the end of

the study period (k = K + 1) to the beginning (k = 0). This calculation, referred to as “blip-

ping down” procedure, is carried out using the formula that is a function of the observed data

when γk(Ām;ψ) is known

E[Y 0̄
k ] = E

[
Yk

k−1∏
m=0

exp(−γk(Ām;ψ))

]

The risk E[Y g
k ] under the “always treat” treatment strategy g is obtained by “adding” the

effect of treatment to E[Y 0̄
k ] from the beginning of the study period (k = 0) to the end of the

study period (k = K + 1). Assuming no effect measure modification of the treatment by time-

varying covariates on the multiplicative scale, we can estimate this quantity using only E[Y 0̄
k ]

and γk(Ām;ψ). Under this assumption, this calculation, referred to as “blipping up”, is carried

out using the formula

E[Y g
k ] =

k−1∑
j=0

E[Y 0̄
k−j ]× tā(k, j,−1)
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where tā(k, j, i) for i = −1, 0, 1, . . . , k − 2 are recursively defined as:

tā(k, 0, k − 2) = eā(k, k − 1)

tā(k, j, k − 1− [s+ 1]) = tā(k, j, k − 1− s)× eā(k − j, j − 1− s), for j < s

tā(k, s, k − 1− [s+ 1]) =

1− s−1∑
j=1

tā(k, j, k − 1− s)

× eā(k − s, k − 1− s)

with j ≤ s and eā(p,m) = exp[γp(ām, ;ψ)]. These recursive definitions of tā(k, j, i)weight

the probability of developing the outcome at each time j < k by the cumulative probability

of survival through j − 1. In the presence of effect measurement modification by time-varying

covariates, estimation of nuisance functions, in addition to E[Y 0̄
k ] and γk(Ām;ψ), are required

for the calculation of E[Y g
k ].

55

3.6 Analysis of case-control data using SNCFTMs

In some cases, data on treatment and outcome are available for all individuals in the study co-

hort, but the proposed instrument is difficult or expensive to measure in the full cohort. One

solution is to limit the measurement of the instrument to cases (individuals who develop the

outcome during the follow-up) and incidence-density sampled controls.

Case-control sampling allows us to consistently estimate the parameter ψ of the SNCFTM

and the marginal risks under static treatment strategies. To see why, note that only the cases

contribute to the sum in the estimating equation becauseHm,k(ψ
†) is equal to 0 for allm and
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k among individuals who remain free of the outcome over follow-up. Therefore if all cases or

a random sample of the cases are included in the case-control sample, then the g-estimate ψ̂ re-

mains unbiased as long as E[Z|Ym = 0] is correctly estimated in the full cohort or in a random

sample of controls that it is representative of the underlying at-risk population that gave rise

to the cases. As such, the case-control sample is sufficient to estimate ψ, even when sampling

fractions are unknown.

Once the g-estimate ψ̂ is obtained, the marginal counterfactual risks under static treat-

ment strategies can be estimates as described in the previous section. This is the case because the

blip function cannot be a function of the instrument under the homogeneity assumption, and

the data on treatment and outcome is available for the full cohort.

3.7 Simulation study

We simulated datasets of 25,000 individuals compatible with the three scenarios shown in Fig-

ure 3.1: (i) a time-fixed treatmentA0, a time-fixed outcome Y1 and a time-fixed confounder

L0, (ii) a time-fixed treatmentA0, a time-varying outcome Y1, Y2 (where Yk is an indicator for

having developed the event by time k) and a time-fixed confounder L0, and (iii) a time-varying

treatmentA0,A1, a time-varying outcome Y1, Y2 and a time-varying confounder L0,L1. In all

settings, there was a causal instrument Z. For simplicity, we assume no loss to follow-up and

considered all variables as binary. In all scenarios, Pr(L0 = 1) = 0.25, Pr(L1 = 1|L0, A1) =

0.25 + 0.25L0 + 0.25A1, Pr(Z = 1) = 0.5 and Pr(Ak = 1|Z,Lk) = 0.25Z + 0.5Lk.
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(i)
Z A0 Y

L0

(ii)
Z A0 Y1 Y2

L0

(iii)

Z A0 Y1 A1 Y2

L0 L1

Figure 3.1: Causal diagrams depicting the relationship between a time-fixed instrument and
(i) a time-fixed exposure and outcome; (ii) a time-fixed exposure and a time-varying outcome;
(iii) a time-varying exposure and outcome

We simulated outcomes with baseline constant hazards (λ) of 5%, 10% and 25%. Where treat-

ment and outcome were both time-fixed (scenario (i)) or were both time-varying (scenario (iii)),

Pr(Yk+1 = 1|Ak, Lk, Yk = 0) = expit(log(λ/(1 − λ)) + 0.5Ak + 0.5Lk). Where treat-

ment was time-fixed and outcome was time-varying (scenario (ii)), Pr(Yk+1 = 1|A0, L0, Yk =

0) = expit(log(λ/(1 − λ)) + 0.5A0 + 0.5L0). We also generated outcomes under the null:

Pr(Yk+1 = 1|Lk, Yk = 0) = expit(log(λ/(1− λ)) + 0.5Lk) and Pr(Yk+1 = 1|L0, Yk = 0) =

expit(log(λ/(1 − λ)) + 0.5L0), respectively. Also, to create a case-control study, we selected all

individuals who developed the outcome as cases and randomly sampled two controls per case.

We fit a SNCFTM defined by the blip function exp[γk(Ām;ψ)] = 1 +
exp(ψAm)−1

k−m and g-

estimated the parameters of the model using three approaches: (1) adjusting for confounder L;

(2) using the instrumental variable Z; and (3) neither adjusting for confounder L nor using the

instrumental variable Z. We calculated differences and ratios in marginal risks under the “never
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treat” strategy and the “always treat” strategy by using the ψ̂ estimates from each SNCFTM

and by applying the g-formula, a generalization of standardization to time-varying treatments

and confounders. When the data were simulated under the null, 0was the true ψ parameter.

When the data were simulated not under the null, we considered the mean ψ̂ value obtained by

adjusting for confounder L as the true value of the parameter ψ.

Distributions of ψ̂ estimates across simulated iterations with λ=5% are given in Figure

3.2 and Table 3.1. Compared with the mean ψ̂ estimates from SNCFTMs which adjusted for

confounder L, the mean ψ̂ estimates from SNCFTMs which used an IV approach were sim-

ilar. The variance of the IV estimates was larger than that of the confounding-adjusted esti-

mates. There was additional loss in efficiency when IV was applied to data from a case-control

design compared to a full cohort due to increased variability in estimating E[Z|Ym = 0]. As

expected, ψ̂ estimates were very biased when we neither appropriately adjusted for confounding

nor used an IV, with the bias ranging between 0.23 to 0.27. Estimates for marginal risk differ-

ences and risk ratios were similar between the SNCFTM approach and the g-formula approach

(Appendix Figures B.1-B.2). As the baseline hazard increased, the SNCFTM approach resulted

in an overestimate of the risk differences and the risk ratios compared to using the g-formula

(Appendix Figures B.3-B.4).
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Figure 3.2: Distributions of psi estimates across 1,000 iterations using different g-estimation
approaches under different data-generating mechanisms with λ = 5%. The lower and upper
hinges correspond to the 25th and 75th percentile. The lower and upper whiskers extend from
the hinge to the smallest and largest values no further than 1.5*IQR from the hinge, where IQR
is the interquartile range. The median is represented by the line between the hinges, and the
mean is represented by the diamond point symbol.
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Table 3.1: Mean, standard deviation (SD) and bias of psi estimates using different g-
estimation approaches under different data generating mechanisms

DAG Under the
null Measure

Confounding-
adjusted
analysis

IV analysis

IV analysis of
Unadjusted

analysis
of nested

case-control
sample

Time-fixed
exposure and

outcome

Yes
Mean 0.0015 0.0103 0.0195 0.2456
SD 0.0652 0.2112 0.2893 0.0545
Bias +0.0015 +0.0103 +0.0195 +0.2456

No
Mean 0.4608 0.4751 0.5179 0.7013
SD 0.0581 0.1986 0.2613 0.0475
Bias +0.0000 +0.0142 +0.0571 +0.2405

Time-fixed
exposure and
time-varying
outcome

Yes
Mean 0.0012 0.0001 0.0098 0.2426
SD 0.0475 0.1494 0.1958 0.0401
Bias +0.0012 +0.0001 +0.0098 +0.2426

No
Mean 0.4566 0.4508 0.5273 0.6951
SD 0.0423 0.1375 0.1801 0.0349
Bias +0.0000 -0.0059 +0.0707 +0.2384

Time-varying
exposure and

outcome

Yes
Mean 0.0327 0.0651 0.0714 0.2763
SD 0.0464 0.1349 0.1754 0.0414
Bias +0.0327 +0.0651 +0.0714 +0.2763

No
Mean 0.4791 0.5033 0.5912 0.7177
SD 0.0411 0.1229 0.1675 0.0353
Bias +0.0000 +0.0242 +0.1121 +0.2387

3.8 Application: the effect of alcohol intake on endometrial cancer

Alcohol intake may increase endometrial cancer risk by increasing estrogen levels or may de-

crease endometrial cancer risk by improving insulin sensitivity and reducing fasting insulin

concentrations. 56,57 To estimate this effect, we emulated a target trial of alcohol intake inter-
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ventions among middle-age women using observational data from the Nurses’ Health Study

(NHS), a prospective study of female registered nurses. 58 Below we summarize the protocol

of the target trial and describe how to emulate each of its components using the NHS observa-

tional data.

3.8.1 Target trial specification

The eligibility criteria for the women in the target trial would be 45-48 years of age, no history

of cancer (except for non-melanoma skin cancer), no history of alcoholism, and an intact uterus.

The two (static) strategies to be compared would be (1) “never drink”, or (2) “always ½ drink

per day, unless an absolute contraindication for moderate alcohol consumption arises”. We

considered a standard drink to contain 14 g of ethanol. 59 Eligible women would be randomly

assigned to one of the strategies and would be aware of the strategy they were assigned to. The

outcome of interest would be incident endometrial cancer. Each woman would be followed

from assignment (baseline) until the development of endometrial cancer, incomplete-follow-

up, or 28 years after baseline, whichever occurs first. We defined incomplete follow-up as nonre-

sponse to alcohol intake-related questions.

The causal contrasts of interest would be the intention-to-treat effect—that is, the effect

of being assigned a strategy, regardless of whether women adhere to it—and the per-protocol

effect—that is, the effect that would have been observed had all women adhered to their as-

signed strategy over the 28-year follow-up.

To estimate the intention-to-treat effect, we would conduct an intention-to-treat anal-
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ysis that compares the 28-year risk (cumulative incidence) between the group assigned to each

strategy. In the presence of incomplete follow-up, inverse probability weights (a function of

baseline and time-varying prognostic factors) would be used to adjust for potential selection

bias.9

To estimate the per-protocol effect, one option is to conduct a per-protocol analysis

that appropriately adjusts for baseline and time-varying prognostic factors that also predict

adherence. In the absence of sufficient information on these factors, we would conduct a per-

protocol analysis based on IV estimation, with the dichotomous randomization indicator as the

proposed instrument. IV conditions (1) and (3) would be expected to hold by design, but we

would need to assume that condition (2) holds. That is, we would need to assume that being

aware of their treatment assignment did not affect participants’ behavior in ways that may af-

fect the outcome. We would also need to assume a structural model on how different degrees of

adherence—over time and in magnitude of alcohol intake—relate to the outcome. For example,

we could use the SNCFTM described above to estimate the 28-risk risk of endometrial cancer in

the study population under full adherence to each strategy.

Note that the per-protocol effect involves the dynamic strategy “always ½ drink per day,

unless an absolute contraindication for moderate alcohol consumption arises” whereas our

SNCFTM can only be used to compare static strategies such as “always ½ drink per day, re-

gardless of contraindications for moderate alcohol consumption”. Therefore, our per-protocol

analysis implicitly assumes that the incidence of contraindications is not high enough to sub-

stantially alter the per-protocol effect estimate.
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3.8.2 Target trial emulation

We emulated the above target trial using observational case-control data sampled from the

NHS. 58 In brief, women aged 30-55 years from 11 U.S. States were enrolled in the NHS in 1976

upon completion of an initial questionnaire, and continuously followed up via biennial ques-

tionnaires on lifestyle and behavioral factors, as well as health outcomes. Our treatment, alco-

hol intake, was first assessed in 1980 using a validated semiquantitative food frequency ques-

tionnaire, and has been updated every 2 to 4 years. Alcohol intake values were truncated at the

99.5th percentile to eliminate implausible outliers. The outcome, incident endometrial cancer,

was identified via biennial questionnaires or death records, and subsequently confirmed using

medical records and pathology reports.

We applied the eligibility criteria of the target trial to women in the observational data.

We additionally required women to have a measurement of alcohol intake at baseline (between

the ages of 45 and 48) (Appendix Figure B.5) and having contributed genotyping data used in

any of 14 case-control studies of various disease outcomes, including endometrial cancer, that

were nested in the NHS.60 Follow-up started at the time of return of the first questionnaire

after all eligibility criteria were met and ended as described above.

We constructed a weighted allele score of 26 single nucleotide polymorphisms (SNPs)

that had a genome-wide significant association with alcohol intake15 and that did not have a

genome-wide significant association for age of initiation of regular smoking, ever smoking,

cigarettes per day, or smoking cessation (Appendix Table B.2). We then assumed that the value
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of this weighted score had been randomly assigned to eligible women.

To estimate an observational analog of the intention-to-treat effect, we would proceed as

for the target trial except that the randomization indicator would be replaced by a dichotomized

version of the genetic score: women with low and high values of the genetic score would be as-

sumed to have been assigned to strategy (1) and (2), respectively. The validity of this intention-

to-treat analysis requires that the genetic score be independent of the eligibility criteria (to pre-

vent selection bias because the genotype is determined at conception but the eligibility criteria

are defined decades later at the start of follow-up)24,49 and also to the matching factors in the

case-control studies (which permits us to estimate E[Z|Y0 = 0] for the estimating equation).

This intention-to-treat effect estimate, however, would be of little interest because of

the low adherence to the assigned strategies in each level of the genetic score (27.3% and 2.9%

among those assigned to strategy (1) and (2), respectively). This is the reason why most MR

studies estimate an observational analog of the per-protocol effect rather than an observational

analog of the intention-to-treat effect. To estimate the former, we used IV estimation as de-

scribed for the target trial but with the continuous genetic score, rather than the dichotomous

randomization indicator, as the proposed instrument. In our observational data, IV condi-

tion (1) holds (though weakly, see above), but we need to additionally assume conditions (2)

and (3). Condition (2) requires that the genetic variants do not affect outcomes except via al-

cohol intake, which is trivially true for non-causal (surrogate) genetic variants. Condition (3)

holds in the absence of common causes, possibly arising from population stratification, of

the genetic variants and endometrial cancer. Among eligible women with genetic data, we
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used g-estimation of a structural nested cumulative failure time model with the blip function

exp[γk(Ām;ψ)] = 1 +
exp(ψAm)−1

k−m . The time-scale was in discrete 4-year age groups. Using the

g-estimate ψ̂, we estimated the marginal risk of endometrial cancer from age 45 to age 72 under

the “never drink” strategy and the “always ½ drink per day” strategy among all eligible women

in the NHS cohort.

3.8.3 Results

Our analysis included 34,043 eligible women and genetic data was available for 6,492 of them

(Appendix Figure B.5). Correlations between the weighted allele score and alcohol intake was

about 0.06 across age groups (Supplementary Table B.3). Our model converged in only 463 of

500 bootstrap samples (no solution to the estimating equation could be found in the remain-

ing bootstrap samples). The g-estimate ψ̂ (95% confidence interval) was 0.128 (95% CI: -0.450,

1.531), as shown by the point at which the quadratic form of the estimating equation reached a

minimum (Figure 3.3A). We used the g-estimate ψ̂ to estimate the marginal risk of endometrial

cancer from age 45 to age 72 in all eligible women, under the “never drink” strategy, and the “al-

ways ½ drink per day” strategy. We observed a risk difference of 0.9 percentage points (95% CI:

-12.8, 96.1) and a risk ratio of 1.23 (95% CI: 0.59, 25.8) (Figure 3.3B).
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B

Figure 3.3: Plots of (A) the quadratic form of the estimating equation against possible ψ val-
ues and (B) marginal cumulative risks under the “never drinker” treatment strategy, g = 0̄, and
the “always 1/2 drink per day” treatment strategy, g = 0̄.5
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3.9 Discussion

Many observational studies which implement IV methods, including Mendelian randomiza-

tion studies, involve a time-varying treatment or exposure. Therefore, the goal of these stud-

ies is to estimate the effect of sustained treatment strategies. We described g-estimation of

SNCFTMs for IV estimation of absolute risks under different treatment strategies, evaluated

it in simulations, and implemented it as part of the observational emulation of a (hypothetical)

target trial of alcohol intake interventions and endometrial cancer.

Our proposed method has several advantages: handling of continuous or dichotomous

instruments and treatments, no restraints on the number of time points that can be included in

the model, adjustment for selection bias due to loss to follow-up via inverse probability weight-

ing, and application to case-control data without knowledge of sampling fractions. We discuss

g-estimation of SNCFTMs using a time-fixed instrument, which is often the case in MR stud-

ies, but the method can be readily generalized to time-varying instruments (see Section S1 of the

Supplementary material).

We demonstrated the validity of the method via simulations in simplified scenarios

in which the effect was constant over time, did not vary across covariate levels, and in which

only the most recent blip of treatment at time k had an effect on the outcome at time k+1.

Despite these simplifications, our simulations suffice to show a limitation of g-estimation

of SNCFTMs: the SNCFTMs should only be used with rare outcomes because the expected

conditional counterfactual risks must lie within the interval [0, 1], but the blip function leaves
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E[Y
(Ām−1,0)
k |Ām, Z, Ym = 0] unspecified and thus cannot impose bounds on it. 55 Estimates

for the marginal risks (4.1% in our observational data analysis) can be used to support the rare

failure assumption. Under this assumption, it is irrelevant whether controls in the case-control

studies are sampled using cumulative incidence sampling or incidence density sampling.

Our estimates of the effect of alcohol intake on the risk of endometrial cancer from age

45 to 75 had very wide 95% confidence intervals and our model did not converge in some of the

bootstrap samples. This, which precludes us from making any substantial conclusions. The

large variability of our estimate shows that informative MR analyses require sample sizes much

larger than ours—6,492 women with genetic data, of whom only 219 developed endometrial

cancer over follow-up—and stronger instruments.

Given the width of the confidence intervals, we made three simplifications in our anal-

ysis that otherwise would have resulted in even more imprecise estimates. First, we assumed

that IV condition (2) held in the presence of selection over the duration of follow-up and selec-

tion into the analytical sample. Second, we only considered one-dimensional parameter models.

Multi-dimensional parameter models may include product terms between baseline covariates

L0 and treatment (to allow for weaker versions of the homogeneity assumption) or product

terms between time-varying covariates Lm and treatment (to compare dynamic strategies). The

latter would require the development of blipping up procedures to obtain the risk under each

dynamic strategy (previous descriptions of SNCFTMs have only described blipping up proce-

dures for blip functions with time-fixed covariates). 55 These procedures would require correct

model specification for the nuisance functionsE[Y
(Ām−1,0)
k |Ām, L̄m, Z, Ym = 0] and the
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density of L̄m. 55 Third, we assumed marginal exchangeability for the instrument Z rather than

conditional exchangeability, Z ⊥⊥ Y g
k |L, where L0 is a vector of measured baseline covariates

such that g-estimation is based on the conditional mean of the instrument, E[Z|L, Y0 = 0].

In summary, we have described how to conduct MR analyses with time-varying treat-

ments and failure time outcomes using SNCFTMs. Our simulations confirm the validity of

the proposed method and our data analysis indicate that these MR analyses require very large

sample sizes. Larger databases are becoming increasingly available as genetic biobanks, such as

the Million Veterans Program61 and the UK Biobank62, continue to collect detailed longitu-

dinal data on non-genetic exposures and health outcomes. This work provides a basis for MR

analyses of time-varying treatment and failure time outcomes in those databases.
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4
Development and validation of a risk

prediction model for endometrial cancer

in the E2C2 consortium

4.1 Abstract

Background. The incidence and mortality of endometrial cancer has been increasing in US over

the past decade and a half. The development of an endometrial cancer risk prediction model

may assist in identifying high risk women in the general population for targeted risk-reducing
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interventions.

Methods. Using pooled data on postmenopausal white women aged 45 to 85 from the Epi-

demiology of Endometrial Cancer Consortium, we estimated relative risks and combined them

with age-specific population estimates of incidence, competing risks and risk factor distribu-

tions to develop an prediction model for 10-year risk of endometrial cancer. We considered a

clinical-only model which included factors collected via questionnaire (e.g. body mass index,

hormone therapy use), and a clinical plus genetic model, which additionally included germline

genetic polymorphisms. Least absolute shrinkage and selection operator (LASSO) penalized

logistic regression was used for variable selection and regularization. We externally validated the

models in three large cohorts of postmenopausal white women aged 45 to 75 by assessing dis-

crimination for both the clinical-only and the clinical plus genetic models, and calibration for

the clinical-only model.

Results. The area under the receiver operating characteristic curves (AUCs) for the clinical-only

model ranged from 0.640 (95% CI: 0.613, 0.667) to 0.698 (95% CI: 0.668, 0.727) in the vali-

dation cohorts. Improvements in discrimination from the addition of genetic factors in the

subsample of participants for whom genetic data was available was modest, from 0.602 (95%

CI: 0.557, 0.648) to 0.619 (95% CI: 0.574, 0.663). The model was well calibrated in two of the

validation cohorts, with expected-to-observed (E/O) ratios of 1.04 (95% CI: 0.92, 1.17) and 0.99

(95% CI: 0.91, 1.09), but poorly calibrated in the third (E/O = 0.53; 95% CI: 0.49, 0.57).

61



Conclusion. Prediction models for endometrial cancer may assist in identifying high risk women

for risk-reducing interventions. Further work is needed to expand these models to more diverse

populations.

4.2 Introduction

Endometrial cancer is the fourth most commonly diagnosed cancer among women and the

most common gynecological malignancy in the United States.63 Its incidence and mortality

have been increasing since 2004 and are expected to continue increasing with increasing preva-

lence of endometrial cancer risk factors. Previous work has established many anthropometric,

lifestyle, reproductive and clinical factors as risk factors for endometrial cancer, including body

mass index (BMI), smoking, physical activity, parity, hormone therapy (HT) use, oral con-

traceptive (OC) use and history of diabetes.64,65 These risk factors can be used to develop an

endometrial cancer risk prediction model for prevention purposes and to identify high risk

women in the general population.

Previously developed risk models for endometrial cancer have used pooled data from the

Prostate, Lung, Colorectal and Ovarian (PLCO) Cancer Screening Trial and the National Insti-

tutes of Health – AARP Diet and Health Study (NIH-AARP)66, or data from the European

Prospective Investigation into Cancer and Nutrition (EPIC) cohort67. Both models included

age at menopause, BMI, parity, duration of OC use, HT use and smoking as predictors; the

PLCO and NIH-AARP model additionally included a product term between HT use and
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BMI, whereas the EPIC model additionally included age at menarche, age at first full term preg-

nancy and a product term between age at menarche and BMI. Performance of the PLCO and

NIH-AARP model was assessed using data from the Nurses’ Health Study, and the authors

reported an area under the receiver operating curve (AUC) of 0.68 and an expected-to observed

ratio (E/O) of 1.20. The EPIC model was internally evaluated using five-fold cross validation,

resulting in an AUC of 0.77and an E/O ratio of 0.99. In addition, a case-control study nested

within the EPIC cohort reported modest improvements (of 1.7 to 2.0 percentage points) in

the AUC when serum biomarker concentrations were added as predictors to the original EPIC

model.68

Existing risk prediction models for endometrial cancer have yet to consider the contri-

butions of genetic factors in improving the discriminative ability of these models. Heritability

estimates for endometrial cancer from twin studies range from 27% to 52%,69–72 and 28% of

the familial relative risk of endometrial cancer can be explained by common genetic variants

tagged by standard GWAS arrays.21 Here, we developed risk prediction models for endometrial

cancer using epidemiological questionnaire data only or in combination with genetic data, and

validated the models in external cohorts.
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4.3 Methods

4.3.1 Data for model development

Study population

Data from twenty-one case-control studies in the Epidemiology of Endometrial Cancer Consor-

tium (E2C2) were used for model development (Appendix Table C.1). E2C2 was established in

2006 by an international group of investigators to combine data across studies to further under-

standing of the etiology of endometrial cancer.73 Included were participants from the United

States, Canada, Europe, and Australia. Cohort studies were analyzed as nested case-control

studies. Up to four controls from the risk set were matched to cases based on year of birth, date

of cohort entry (±6 months), race and area. The study was restricted to postmenopausal white

women between ages 45 and 85. Informed consent was obtained from all study participants as

part of the original studies as per the requirements of each study’s institutional review board.

Data collection and case definition

De-identified data from individual studies were received and harmonized at Memorial Sloan-

Kettering Cancer Center in accordance with the E2C2 data dictionary. For cohort studies, data

on risk factors for endometrial cancer were obtained from the baseline questionnaire. For case-

control studies, data was collected based on a specific reference date (generally 6 to 12 months

before the date of diagnosis for cases and at the date of the interview for controls).
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Risk factors considered for inclusion in the prediction model included age at diagnosis

for cases or age at interview or reference date for controls (5-year age groups), study site, educa-

tion level (high school or below; some college/associate’s degree/vocation or technical school;

college or above), smoking status (never smoker; former smoker; current smoker), BMI (kg/m2:

<18.5; 18.5 to <25; 25 to <30; 30 to <35; ≥ 35), parity (0; 1; 2; 3; ≥ 4), age at first birth (years: <20;

20 to <25; 25 to <30; 30 to <35; ≥35; never given birth), age at menarche (years: ≤10; 11; 12; 13; 14;

15; ≥16), ever any HT use (yes; no), ever any estrogen-only (E-only) HT use (yes; no), duration

of E-only HT use (years: 0; >0 to 5; >5 to 10; >10), ever combination estrogen and progestin

(cEP) HT use (yes; no), duration of eEP HT use (years: 0; >0 to 5; >5 to 10; >10), ever OC use

(yes; no), duration of OC use (years: 0; >0 to 5; >5 to 10; >10), history of diabetes (yes; no), and

history of hypertension (yes; no). Education was considered a proxy for socioeconomic status.

We included BMI as a major risk factor for endometrial cancer, acknowledging that while many

biologic mechanisms have been attributed to this relationship,74,75 BMI measures may also act

as a proxy for perceived weight discrimination, which can, in turn, cause increased experiences

of stress and physiological dysregulation.76–78 Availability of data for these risk factors varied

by study site (Appendix Table C.2). Cases were defined as incident cases of endometrial cancer

(primary site codes C54 and C55.9).
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4.3.2 Data for model validation

Study populations

Data from Nurses’ Health Study (NHS), Nurses’ Health Study II (NSH II) and the Prostate,

Lung, Colorectal and Ovarian (PLCO) Cancer Screening Trial were used for model validation.

All three studies have been previously described. 58,79 For NHS, 121,700 female registered nurses

aged 30 to 55 years from one of 11 U.S. states were in enrolled in 1976 upon completion of the

initial questionnaire. For NHS II, 116,430 female registered nurses aged 25 to 42 years residing

in one of 14 states were enrolled in 1989. In both cohorts, biennial questionnaires were adminis-

tered to collect updated information on exposures, covariates, and incident health outcomes.

For PLCO, 78,232 women aged 55 to 74 years were enrolled between 1993 and 2001 at one

of 10 screening centers. Exclusion criteria included history of lung, colorectal, or ovarian cancer,

or either undergoing cancer treatment or participating in other screening or prevention trials.

Women taking tamoxifen or had undergone a bilateral oophorectomy were initially ineligible

for enrolment but were later included in the study. The screening regime comprised annual

chest X-rays for four years, annual measurements of circulating CA125 for six years, annual

transvaginal ultrasounds for four years, and flexible sigmoidoscopy at enrolment and either

three or five years later. A self-administered lifestyle questionnaire was completed by all partic-

ipants at baseline. A supplemental questionnaire was administered and completed by a subset

(n=32,434) of PLCO participants in 2006.

For NHS and NHS II, women were eligible to contribute to the analysis once they
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reached menopause and were 45 years of age or older. Due to the lack of racial diversity, the

analysis was restricted to white women. Participants were excluded from the study if they died,

had a previous history of cancer (other than non-melanoma skin cancer) or had a previous hys-

terectomy prior to meeting the inclusion criteria. Participants were followed for 10 years, or un-

til they newly met the exclusion criteria (e.g. underwent a hysterectomy during follow-up). For

PLCO, similar inclusion and exclusion criteria were applied. However, start of follow-up began

upon completion of the baseline questionnaire, and participants who did not allow themselves

to be actively followed were excluded from the analysis. In PLCO, age at hysterectomy was re-

ported in 5-year intervals—we assumed that hysterectomy occurred midway between the age

interval reported.

Data collection and case identification

For NHS and NHS II, data on endometrial cancer risk factors was obtained from the first bien-

nial questionnaire completed after the participant was eligible to contribute to the analysis. In

NHS, 32,826 blood samples and 29,684 buccal cell samples have been collected since 1989. Data

from 12 different GWAS of various disease outcomes was pooled to form a subsample of par-

ticipants in NHS for whom genotyping data was available. Genotyping and merging of each

GWAS has been previously described.60 In both NHS and NHS II, incident endometrial can-

cer cases were identified through questionnaire or via death records. With the permission of the

participant or their next of kin, medical records were obtained, and the cancer diagnosis was

confirmed by study pathologists and/or physicians.
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For PLCO, risk factor data was obtained from the baseline questionnaire, with the ex-

ception of type of postmenopausal hormone use, which was collected on the supplemental

questionnaire. Endometrial cancer cases were identified through annual study updates or via

death records. Medical records were reviewed to confirm diagnoses.

4.3.3 Statistical analysis

Model development

To develop an absolute risk prediction model for endometrial cancer, the Individualized Co-

herent Absolute Risk Estimation (iCARE) package in R was used.80 Three data sources were

required to build the model: (1) a model for the log relative risk parameters for the predictors

included in the model; (2) marginal age-specific incidence rates for endometrial cancer and its

competing risks; and (3) a reference dataset to estimate the risk factor distribution for the under-

lying population.

To build a model for the log relative risks parameters for the predictors included in the

model, we applied least absolute shrinkage and selection operator (LASSO) penalized logistic

regression to pooled data from E2C2 on endometrial cancer risk factors. Variables were param-

eterized as described above. We also included product terms between BMI and OC use, BMI

and any HT use, BMI and E-only HT use, and BMI and cEP HT use. Missing indicators were

used if a given risk factor was not collected in an individual study, but a complete case analysis

was otherwise conducted. Age (in 5-year age groups), study site and the missing indicator vari-
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ables were forced into the models. We used leave-one-study-out cross-validation to select the

tuning parameter λ which minimized deviance. As a sensitivity analysis, we also used log rela-

tive risk estimates from a logistic regression model which included the same set of endometrial

cancer risk factors except only one product term (between an ordinal term for BMI and an or-

dinal term for duration of E-only HT use) was included. The model which included only the

epidemiological questionnaire data was referred to as the clinical-only model. For the clinical

plus genetic model, we additionally included 18 previously identified genome-wide significant

single nucleotide polymorphisms (SNPs) for endometrial cancer (Appendix Table C.18).81 The

log of the allelic odds ratios reported in the GWAS meta-analysis were used for our model.

We used U.S. Surveillance Epidemiology and End Results (SEER) data to estimate the

marginal age-specific incidence rates for endometrial cancer among white women. SEER rates

from 1989 to 1993 were used for NHS and PLCO, while rates from 2003 to 2007 were used for

NHS II (Appendix Table C.6). Since SEER incidence rates for endometrial cancer are calcu-

lated among all women in a given age group, they are an underestimate of the incidence rates

among women with an intact uterus. As such, we divided the incidence rates from SEER by the

age-specific prevalences for hysterectomy, which were estimated using data from the Behavioral

Risk Factor Surveillance System (BRFSS) survey for the same areas included in SEER. We used

the prevalence estimates from the 1988 BRFSS survey for NHS and PLCO, and averaged the

prevalence estimates in the 2006 and 2008 BRFSS surveys for NHS II. For competing risks, we

obtained age-specific mortality rates in 1988 (for NHS and PLCO) and in 2004 (for NHS II)

from the Centers for Disease Control and Prevention Wide-ranging Online Data for Epidemi-
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ologic Research (CDC WONDER) database, and age-specific incidence rates for cancers other

than endometrial cancer from 1989 to 1993 (for NHS and PLCO) and from 2003 to 2007 (for

NHS II) from SEER (Appendix Table C.6). We estimated age-specific incidence of hysterec-

tomy using age-specific prevalences from BRFSS.82 The age-specific incidences for mortality,

cancers other than endometrial cancer and hysterectomy were summed to estimate the overall

incidence rate of competing risks.

To estimate the underlying risk factor distribution in the population, we used data from

the National Health and Nutrition Examination Survey (NHANES). We restricted the sample

to white women, and estimated distributions in the 1999 to 2000 cycle for NHS and PLCO

and in the 2007 to 2008 cycle for NHS II. To account for missing data in NHANES, we used

multiple imputation by chained equations (MICE) to fit a series of conditional distributions

to generate 10 fully imputed datasets. Weights were applied to account for the complex survey

design.

Model validation

We assessed discrimination of 10-year risk of endometrial cancer using AUC. For calibration,

we compared predicted and observed 10-year relative and absolute risks of endometrial cancer

across deciles of risk using the goodness-of-fit test for relative risks, and the E/O ratio and the

Hosmer-Lemeshow (HL) test for absolute risks. Missing data in the validation cohorts was han-

dled in the iCARE package by using a type of “hot deck” imputation approach.80 All statistical

analyses were performed using R 3.6.3. Model development and validation were completed
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using the iCARE package 1.16.0.

Estimating Absolute Risks Among the General U.S. Population

To estimate absolute risks of endometrial cancer among a more current general U.S. popula-

tion of white women, we developed a prediction model by combining the log relative risks

from the LASSO penalized logistic regression model with (1) endometrial cancer incidence rates

among white women, estimated using SEER data from 2013 to 2017 and hysterectomy preva-

lences from the 2016 and 2018 BRFSS surveys; (2) incidence rates for competing risks, estimated

using CDC WONDER data from 2017 for mortality, SEER data from 2013 to 2017 for other

cancers, and BRFSS data for hysterectomy; and (3) marginal risk factor distributions, estimating

using NHANES data from the 2017-2018 cycle. We assessed 10-year and cumulative absolute

risks by categories of risk percentiles among the 2017 to 2018 NHANES participants.

4.4 Results

Our development data set comprised 9,075 endometrial cancer cases and 14,290 controls, pooled

across 21 case-control studies in the E2C2 consortium. On average, cases were 63.9 years of age

and controls were 64.4 years of age. Our final model for the endometrial cancer risk factors

included most of the variables included in the initial model—the variables selected out of the

model included an indicator variables for: age at first birth (20 to <25 years), age at menarche

(11 years; 13 years), duration of E-only HT use (>0 to 5 years), duration of cEP HT use (>0 to 5

years, >5 to 10 years), duration of OC use (>0 to 5 years), and some of the product terms with
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BMI (Supplementary Table 7).

In our validation cohorts, 657 of the 69,272 NHS participants, 272 of the 57,593 NHS

II participants, and 463 of the 39,494 PLCO participants developed endometrial cancer over

follow-up (Appendix Figures C.2-C.4). The median calendar year for the start of follow-up was

1986 for NHS, 2007 for NHS II and 1997 for PLCO (Appendix Table C.5). Using the clinical-

only model, predicted cumulative absolute risk and absolute 10-year risk of endometrial cancer

stratified by decile of risk for each validation cohort is presented in Figure 4.1. On average, cu-

mulative absolute risk of endometrial cancer from age 45 to age 85 was about 5%. However,

women in the highest decile of risk (in purple) were predicted to experience a cumulative risk of

14.0 to 17.3%, whereas women in the lowest decile of risk (in red) were predicted to experience

a cumulative risk of 1.4 to 1.7%. The predicted absolute 10-year risk of endometrial cancer was

highest at age 70 for women in NHS and PLCO, whereas this peak was shifted to a younger

age, at 65, for women in NHS II. When the absolute risk model was applied to a more repre-

sentative US population of white women, the model identified 5.8% of women with a ≥3-fold

10-year absolute risk of endometrial cancer and 3.0% of women with ≥20% cumulative risk of

endometrial cancer from ages 40 to 85 (Appendix Figure Figure C.5).

The AUC for the 10-year risk of endometrial cancer based on the clinical-only models

were 0.649 (95% CI: 0.628, 0.670) for NHS, 0.698 (95% CI: 0.668, 0.727) for NHS II, and

0.640 (95% CI: 0.613, 0.667) for PLCO (Table 4.1). Among NHS participants for whom ge-

netic data was available, the addition of genetic factors improved the AUC from 0.602 (95% CI:

0.557, 0.648) to 0.619 (95% CI: 0.574, 0.663). The clinical-only model greatly underpredicted
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Figure 4.1: Estimated cumulative absolute risk and absolute 10-year risk of endometrial cancer
stratified by risk deciles using the clinical-only model for (A) Nurses’ Health Study, (B) Nurses’
Health Study II, and (C) the Prostate, Lung, Colorectal and Ovarian Cancer Screening Trial
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the number of events in the NHS cohort (E/O = 0.53; 95% CI: 0.49, 0.57; HL p-value < 0.001)

but the predicted number of events was similar to the observed number of events in both NHS

II (E/O = 1.04; 95% CI: 0.92, 1.17; HL p-value = 0.075) and PLCO (E/O = 0.99; 95% CI: 0.91,

0.109, HL p-value = 0.008) (Figure 4.2 and Table 4.2). The absolute risk prediction model

which was developed using log relative risk estimates from the logistic regression model rather

than the LASSO penalized logistic regression model had similar discrimination but poorer cali-

bration (E/O ranging from 0.41 to 0.82) (Appendix Tables C.9-C.10).

Table 4.1: Discrimination of clinical-only and clinical plus genetic prediction models for en-
dometrial cancer risk

Validation Prediction Number of Number AUC (95% CI)cohort model participants of events

NHS
Full cohort Clinical 69272 657 0.649 (0.628, 0.670)
Genetic cohort Clinical 11410 156 0.602 (0.557, 0.648)
Genetic cohort C+G 11410 156 0.621 (0.577, 0.665)
NHS II
Full cohort Clinical 57593 272 0.698 (0.668, 0.727)
PLCO
Full cohort Clinical 39949 463 0.640 (0.613, 0.667)
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Figure 4.2: Absolute and relative 10-year risk calibration of endometrial cancer risk prediction
models in (A) Nurses’ Health Study, (B) Nurses’ Health Study II, and (C) the Prostate, Lung,
Colorectal and Ovarian Cancer Screening Trial

75



Table 4.2: Relative and absolute 10-year risk calibration of the clinical-only risk prediction
models for endometrial cancer in the NHS, NHS II and PLCO cohorts

Study/
Decile N

Number
of

events

Relative 10-year risk Absolute 10-year risk (%)

Observed Expected Observed Expected E/O ratio
(95% CI) (95% CI) (95% CI)

NHS
1 6,975 27 0.41 (0.28, 0.59) 0.33 0.39 (0.24, 0.53) 0.17 0.44 (0.30, 0.63)
2 6,944 28 0.42 (0.30, 0.61) 0.45 0.40 (0.25, 0.55) 0.23 0.57 (0.39, 0.82)
3 6,867 43 0.66 (0.49, 0.88) 0.54 0.63 (0.44, 0.81) 0.27 0.43 (0.32, 0.58)
4 7,023 32 0.48 (0.34, 0.67) 0.63 0.46 (0.30, 0.61) 0.32 0.69 (0.49, 0.98)
5 6,831 67 1.03 (0.82, 1.29) 0.71 0.98 (0.75, 1.21) 0.36 0.37 (0.29, 0.47)
6 6,924 58 0.88 (0.69, 1.13) 0.81 0.84 (0.62, 1.05) 0.41 0.49 (0.38, 0.63)
7 6,930 68 1.03 (0.83, 1.29) 0.95 0.98 (0.75, 1.21) 0.48 0.48 (0.38, 0.61)
8 6,929 82 1.25 (1.02, 1.52) 1.14 1.18 (0.93, 1.44) 0.58 0.49 (0.39, 0.60)
9 6,942 105 1.59 (1.34, 1.90) 1.50 1.51 (1.23, 1.80) 0.75 0.50 (0.41, 0.60)
10 6,907 147 2.24 (1.95, 2.58) 2.93 2.13 (1.79, 2.47) 1.48 0.69 (0.59, 0.81)
Overall 69,272 657 0.53 (0.49, 0.57)
NHS II
1 5,760 6 0.22 (0.10, 0.49) 0.29 0.10 (0.02, 0.19) 0.14 1.36 (0.61, 3.03)
2 5,766 6 0.22 (0.10, 0.49) 0.38 0.10 (0.02, 0.19) 0.19 1.79 (0.80, 3.98)
3 5,752 13 0.48 (0.28, 0.81) 0.46 0.23 (0.10, 0.35) 0.22 0.99 (0.57, 1.70)
4 5,773 15 0.55 (0.34, 0.90) 0.55 0.26 (0.13, 0.39) 0.27 1.03 (0.62, 1.71)
5 5,746 26 0.96 (0.67, 1.38) 0.61 0.45 (0.28, 0.63) 0.30 0.66 (0.45, 0.97)
6 5,766 23 0.84 (0.57, 1.25) 0.72 0.40 (0.24, 0.56) 0.35 0.88 (0.59, 1.33)
7 5,756 29 1.07 (0.76, 1.50) 0.87 0.50 (0.32, 0.69) 0.42 0.84 (0.59, 1.21)
8 5,760 38 1.40 (1.04, 1.87) 1.09 0.66 (0.45, 0.87) 0.54 0.81 (0.59, 1.11)
9 5,763 42 1.54 (1.17, 2.04) 1.62 0.73 (0.51, 0.95) 0.79 1.09 (0.81, 1.47)
10 5,751 74 2.72 (2.24, 3.30) 3.41 1.29 (1.00, 1.58) 1.67 1.30 (1.04, 1.63)
Overall 57,593 272 1.04 (0.92, 1.17)
PLCO
1 4,001 21 0.45 (0.30, 0.69) 0.31 0.52 (0.30, 0.75) 0.36 0.68 (0.44, 1.04)
2 3,989 30 0.65 (0.46, 0.92) 0.43 0.75 (0.48, 1.02) 0.49 0.66 (0.46, 0.94)
3 4,025 34 0.73 (0.53, 1.01) 0.53 0.84 (0.56, 1.13) 0.61 0.72 (0.52, 1.01)
4 3,970 30 0.65 (0.46, 0.92) 0.62 0.76 (0.49, 1.03) 0.72 0.95 (0.66, 1.36)
5 4,002 34 0.73 (0.53, 1.01) 0.77 0.85 (0.57, 1.13) 0.88 1.04 (0.74, 1.45)
6 3,982 39 0.85 (0.63, 1.14) 0.88 0.98 (0.67, 1.29) 1.01 1.03 (0.76, 1.41)
7 3,995 42 0.91 (0.68, 1.21) 1.04 1.05 (0.74, 1.37) 1.19 1.14 (0.84, 1.53)
8 3,995 37 0.80 (0.59, 1.09) 1.28 0.93 (0.63, 1.22) 1.47 1.59 (1.15, 2.19)
9 3,995 82 1.77 (1.46, 2.15) 1.56 2.05 (1.61, 2.49) 1.79 0.87 (0.71, 1.08)
10 3,995 114 2.46 (2.10, 2.88) 2.58 2.85 (2.34, 3.37) 2.97 1.04 (0.87, 1.25)
Overall 39,949 463 0.99 (0.91, 1.09)
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4.5 Discussion

We developed risk prediction models for endometrial cancer using pooled data from an inter-

national consortium and externally validated the models in three large US-based cohorts. The

clinical-only model demonstrated moderate discriminatory accuracy, with AUCs ranging from

0.64 to 0.70 in the validation cohorts. However, we observed only a modest improvement in

the AUC, from 0.60 to 0.62, when genetic factors were also included in the model. The clinical-

only model was well-calibrated in both NHS II (E/O of 1.04) and PLCO (E/O of 0.99) but

poorly calibrated in NHS (E/O 0.53) for 10-year risk of endometrial cancer.

Currently, the American Cancer Society recommends that menopausal women are in-

formed about the risks and symptoms of endometrial cancer but there is no evidence to sup-

port the screening of asymptomatic average-risk women.83 However, women with or at risk for

hereditary nonpolyposis colorectal cancer (HNPCC), also referred to as Lynch syndrome, are

recommended to undergo annual screening with an endometrial biopsy. Women with HN-

PCC account for about 3% of all endometrial cases and have a 22% to 50% risk of developing

endometrial cancer within their lifetime.84–87 A study of participants from the United States,

Canada and Australia estimated a population prevalence for Lynch syndrome of 0.35%.88 In

the current study, women in the 97th percentile of risk have a predicted lifetime risk of ≥20%

for endometrial cancer. This is within a range similar to those observed for women with Lynch

syndrome. As such, our model demonstrates that clinical factors alone are sufficient to identify

high risk women for risk-reducing interventions, or enrollment in prevention or screening trials
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of endometrial cancer.

Model discrimination and relative risk calibration were similar across the three validation

cohorts, but absolute risk calibration varied considerably. Differences in absolute risk calibra-

tion may be due to differences in the reference datasets used to estimate the underlying risk

factors distributions. The NHS cohort was established much earlier, with a median year of 1986

for the start of follow-up. Unfortunately, the earliest NHANES cycle in which data on all of

the relevant endometrial cancer risk factors were collected was from 1999 to 2000. Due to this

13-year time difference, the distributions estimated from the 1999 to 2000 cycle for NHANES

may not reflect the true underlying distribution of risk factors for women in 1986. In particu-

lar, the early 1980s through the 1990s was a period of rapid change in the formulation and use

of hormone therapy. Hormone therapy was approved by the FDA for the prevention of osteo-

porosis in 1988, and the availability of combination estrogen and progestin hormone therapy

allayed concerns of increased endometrial cancer risks due to unopposed estrogen.89–91 As such,

hormone therapy use increased steadily during this time. As such, NHS participants at baseline

were less likely to have used hormone therapy than NHANES participants from 1999 to 2000.

We also observed other differences in the risk factor distributions—for example, women from

NHS were more likely to be former or current smokers, and less likely to have used oral contra-

ceptives. In contrast, the timing of the NHANES cycles were more congruent with the period

of follow-up for participants from NHS II and PLCO—median year for start of follow-up was

2007 for NHS II and 1997 for PLCO, and therefore we used data from the 2007 to 2008 and

1999 to 2000 NHANES cycles, respectively, to estimate the risk factor distributions. This un-
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derlies the importance of using an appropriate reference to estimate the underlying risk factor

distributions, particularly for the calibration of absolute risks.

Two absolute risk prediction models for endometrial cancer have been previously de-

veloped. The model developed by Pfeiffer et al., which used pooled data from the PLCO and

NIH-AARP studies, had similar discriminatory ability as our clinical-only model (AUC of

0.68) but overpredicted the number of cases in NHS (E/O of 1.20).66 Hüsing et al. developed

a risk prediction model using data from the EPIC study and reported an AUC of 0.77 for their

full model but acknowledged that much of the discriminatory ability was attributed to age

alone (AUC of 0.71 for age-only model).67 They also compared the performance of the model

developed by Pfeiffer et al. against their own model in a subcohort of EPIC study participants

that met the eligibility criteria for both studies. The authors reported similar discrimination be-

tween the two models—AUCs of 0.67 and 0.70, respectively. However, calibration was poorer

for the model reported by Pfeiffer and colleagues, with a reported E/O of 2.4 compared to 0.98

for the EPIC model, which is likely due to the lower incidence rate of endometrial cancer in Eu-

rope compared to the United States. Compared to these two models, our clinical-only model

included a larger set of risk factors, having also included variables such as education, estrogen

and progestin HT use, history of diabetes and history of hypertension. This difference can be

attributed to the variable selection approach. Both of the previously developed models used

an automated stepwise approach for variable selection, which has been shown to favor more

parsimonious models than other variable selection methods.92,93

There are several limitations of our study to consider. First, availability of measured risk
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factor data was of concern, especially with pooled data for estimating log relative risks for the

model. For example, we did not consider the inclusion of variables such as age at menopause, al-

cohol intake, pack-years of smoking or age at last birth because they were not collected in most

studies in the consortium. Family history of endometrial cancer was also not included in the

model because this data was not collected in NHANES. Second, there is potential for recall bias

to differentially affect the measurement of endometrial cancer risk factors between cases and

controls. This would impact the relative 10-year risk calibration of our model. However, pre-

vious analyses of E2C2 data have reported similar estimates between cohort and case-control

studies, which mitigates some of this concern.94 Third, we only had summary data for the age-

specific incidences for mortality, cancers other than endometrial cancer and hysterectomy. It is

possible for individuals to experience multiple competing events within the same age category,

resulting in an overestimate of the overall incidence of competing risks when the three inci-

dences are summed. This would result in an underestimate of the E/O ratio. Fourth, genetic

data was available for only a select subsample of NHS participants. As such, we were unable to

assess calibration of the clinical plus genetic model in the validation cohorts. Last, despite the

large sample sizes for both our training and validation datasets, we were still limited in conduct-

ing histologic subtype-stratified or menopausal status-stratified analyses. As such, our results

apply primarily to endometrioid cancers among postmenopausal women although previous

analyses of E2C2 data have reported similar magnitudes of association for common risk factors

across different subtypes, with the exception of clear cell tumors.64 As well, due to the lack of

racial diversity in our datasets, our analyses were restricted to white women. This raises con-
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cerns of equity, as endometrial cancer-related morbidity and mortality are much higher among

black women than among white women.95 Development and validation of risk prediction mod-

els for diverse populations should be a focus for future work.

Our study has many strengths. First, we had a large sample size to estimate risks associ-

ated with the predictors in the model. The consortium provided individual-level data to stan-

dardize definitions and modelling approaches for the risk factors of interest. Second, we exter-

nally validated our model in three large prospective cohorts with detailed information on pre-

dictors and outcomes. In particular, we evaluated model calibration by deciles of risk, which is

relevant for risk-based prevention and screening of highest risk individuals. Last, we developed

the model using population-based estimates for the marginal incidence rates for endometrial

cancer, the marginal incidence rates for competing risks and the underlying risk factor distribu-

tions. As such, our model was well calibrated to both NHS II and PLCO—two studies with

very different source populations—and is likely generalizable to the general U.S. population of

white women.

In conclusion, we developed and validated a risk prediction model for endometrial can-

cer among postmenopausal women aged 45 or greater. This model may provide a basis for the

eventual development of a risk prediction tool for clinical or public health practice, although

future work is necessary for developing such models in more diverse populations.
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5
Conclusion

In this dissertation, I have presented methods of utilizing genetic data from observational stud-

ies for causal inference and prediction. I started by discussing the methodological challenges

related to Mendelian randomization (MR), a form of instrumental variable analysis which uses

genetic variants as proposed instruments. Specifically, MR studies are often interested in causal

effects of time-varying exposures, but methods to incorporate multiple measurements of a time-

varying exposure are currently lacking.

In Chapter 2, I began by describing the instrumental conditions for time-varying expo-

sures. I also described three possible interpretations of MR estimates—the point effect, the pe-

riod effect, and the lifetime effect—and the additional assumptions that are required to imbue
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MR estimates with these interpretations. I proposed g-estimation of structural mean models

(SMMs) as a method of incorporating multiple measurements of a time-varying exposure when

the outcome of interest is continuous. This proposed method is applied to an analysis of data

from the Framingham Heart Study to estimate the period effect of alcohol intake, high-density

lipoprotein (HDL) cholesterol and low-density lipoprotein (LDL) cholesterol on intermedi-

ate markers of coronary heart disease. Our analysis found that estimates for the period effect

were similar regardless of whether or not we used a single- or multi-parameter SMM—an up-

wards shift in one’s alcohol trajectory resulted in increased gamma-glutamyl transferase levels,

and an upwards shift in one’s LDL cholesterol resulted in an increased in ankle-brachial index—

although the width of the confidence intervals varied. This analysis highlights three key chal-

lenges in MR studies: defining the period of interest when estimating a period effect, specifying

the time scale of interest, and improving the precision of the estimates. Overall, the greatest

advantage of our proposed method is the ease with which it can be extended to accommodate

multiple time points, model non-linear outcomes, account for selection bias due to drop out or

loss to follow-up, and adjust for covariates of interest.

In Chapter 3, the ideas in Chapter 2 were extended to failure-time outcomes. Specifically,

I proposed g-estimation of structural nested cumulative failure time models (SNCFTMs) as a

method of incorporating multiple measurements of a time-varying exposure when modeling a

failure-time outcome in MR studies. I described the assumptions that are required to identify

the parameters of this model, as well as the procedure for estimating the marginal cumulative

risks under nondynamic treatment strategies using the g-estimate. Performance of the model
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was assessed using simulated data, and I presented an application of these models by conduct-

ing a MR study of alcohol intake and endometrial cancer using complex longitudinal data from

the Nurses’ Health Study. Given the increasing popularity of MR as a method for answering

causal questions, as well as increasing availability of longitudinal data in genetic studies, these

two chapters provide a basis for considering repeated measures of time-varying exposures in

future MR studies. Future work should consider the relevance of other MR methods, such as

falsification tests and strategies, in the context of a time-varying exposure.

Finally, I developed an absolute risk prediction model for endometrial cancer using

data on postmenopausal white women from an international consortium of endometrial can-

cer studies, and validate the model in three large US-based cohorts. The clinical-only model,

which only included factors collected via questionnaire (e.g. body mass index, hormone ther-

apy use), demonstrated moderate discrimination (with AUCs ranging from 0.640 to 0.698)

in the validation cohorts. It was well calibrated in Nurses’ Health Study II, with an expected-

to-observed (E/O) ratio of 1.04, and in the Prostate, Lung, Colorectal and Ovarian (PLCO)

Cancer Screening Trial cohort, with an E/O ratio of 0.99. However, it was poorly calibrated in

Nurses’ Health Study due to the lack of an adequate reference dataset for the cohort. The clin-

ical plus genetic model additionally included 18 previously identified genome-wide significant

single nucleotide polymorphisms (SNPs) for endometrial cancer. Improvements in discrimina-

tion were modest for the clinical plus genetic model compared to the clinical-only model. Un-

fortunately, we unable to assess calibration of the clinical plus genetic model in the validation

cohorts due to the lack of genetic data for the whole cohort. Nevertheless, this work highlights
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the utility of prediction models in identifying high risk individuals in the general population,

which is relevant for targeted risk-reducing interventions and enrollment of high risk individu-

als in prevention or screening trials of endometrial cancer. Further work is needed to externally

validate the clinical and genetic models, and to expand these models to more diverse popula-

tions.
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A
Supplementary Materials for Chapter 2

A.1 Transformation of variables to assess instrumental inequalities

To assess the instrumental inequalities, some of the variables had to be transformed. Alcohol

intake was dichotomized at ≤1 drink per week and >1 drink per week, and blood lipids were di-

chotomized at the median. All outcomes were categorized into quartiles. If the weighted allele

score had 3 or fewer unique values (i.e., was derived from only one SNP), then the weighted

allele score was treated as a categorical variable. If the weighted allele score had more than 3

unique values, it was treated as a continuous variable, and was subsequently categorized into

quintiles. For all other measure, these variables were analyzed in their original form.
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A.2 Selection algorithms for generating weighted allele scores

A.2.1 Selection algorithm 1

LetWr represent the weighted allele score derived from using r = 0, · · · , s candidate SNPs.

1. Start with r = 0 and all s candidate SNPs.

2. From the remaining candidate SNPs, consider all weighted allele scores derived from
including one additional unique SNP toWr.

3. Check that each weighted allele score satisfies the instrumental inequalities. If the in-
strumental inequalities were violated, exclude the SNP added in step 2 from the pool of
candidate SNPs.

4. Among the weighted allele scores that satisfied the instrumental inequalities, choose the
weighted allele score with the highestR2 for the exposure measure. Call itWr+1.

5. Repeat steps 2 to 4 until the performance ofWr−1 is poorer than the performance of
Wr, or until no more candidate SNPs remain.

This selection algorithm was applied for each exposure: alcohol intake, HDL cholesterol and

LDL cholesterol. For each exposure, the selection algorithm was applied three times, where the

exposure measure specified in step 4 was either the exposure measured at examination 1, the

exposure measured at examination 2, or the average exposure level across the two examinations.

A.2.2 Selection algorithm 2

LetWr represent the weighted allele score derived from using r = 0, · · · , s candidate SNPs.

1. Start with r = 0 and all s candidate SNPs.

2. From the remaining candidate SNPs, consider all weighted allele scores derived from
including one additional unique SNP toWr.
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3. Check that each weighted allele score satisfies the instrumental inequalities. If the in-
strumental inequalities were violated, exclude the SNP added in step 2 from the pool of
candidate SNPs.

4. Among the weighted allele scores that satisfied the instrumental inequalities, choose
the weighted allele score with the greatest the difference in theR2 between score and
the exposure measure at examination 1 and theR2 between the score and the exposure
measure at examination 2. Call itWr+1.

5. Repeat steps 2 to 4 until the performance ofWr−1 is poorer than the performance of
Wr, or until no more candidate SNPs remain.

The weighted allele score derived from this algorithm corresponded to the exposure measured

at examination 1. To generated a weighted allele score that corresponded to the exposure mea-

sured at examination 2, step 4 of the algorithm was modified to assess the performance as max-

imizing the difference in theR2 between score and the exposure measure at examination 2 and

theR2 between the score and the exposure measure at examination 1.

A.2.3 Selection algorithm 3

LetWr represent the weighted allele score derived from using r = 0, · · · , u candidate SNPs on

odd numbered chromosomes.

1. Start with r = 0 and all u candidate SNPs on odd numbered chromosomes.

2. From the remaining candidate SNPs, consider all weighted allele scores derived from
including one additional unique SNP toWr.

3. Check that each weighted allele score satisfies the instrumental inequalities. If the in-
strumental inequalities were violated, exclude the SNP added in step 2 from the pool of
candidate SNPs.
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4. Among the weighted allele scores that satisfied the instrumental inequalities, choose the
weighted allele score with the highestR2 for the exposure at examination 1. Call itWr+1.

5. Repeat steps 2 to 4 until the performance ofWr−1 is poorer than the performance of
Wr, or until no more candidate SNPs remain.

The weighted allele score derived from this algorithm corresponded to the exposure measured

at examination 1. To generate a weighted allele score that corresponded to the exposure mea-

sured at examination 2, we considered all v candidate SNPs on even numbered chromosomes

and selected the weighted allele score with the highestR2 for the exposure at examination 2

(step 4) instead.
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A.3 Supplementary figures
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A B

C

Figure A.1: R2 of weighted allele scores for (A) alcohol intake, (B) HDL cholesterol, and (C)
LDL cholesterol that were derived using algorithm 1
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A B

C

Figure A.2: R2 of weighted allele scores for (A) alcohol intake, (B) HDL cholesterol, and (C)
LDL cholesterol that were derived using algorithm 2
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A B

C

Figure A.3: R2 of weighted allele scores for (A) alcohol intake, (B) HDL cholesterol, and (C)
LDL cholesterol that were derived using algorithm 3
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A.4 Supplementary tables
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Table A.5: R2 of weighted allele scores for alcohol intake generated using algorithm 1

Number
of SNPs

Exam 1 Exam 2 Average

rsIDs Chr R2 a rsIDs Chr R2 a rsIDs Chr R2 a

1 rs1104608 16 0.0027 rs13024996 2 0.0030 rs705687 1 0.0030
2 rs705687 1 0.0044 rs705687 1 0.0060 rs6460047 7 0.0058
3 rs35034355 7 0.0060 rs6460047 7 0.0087 rs13024996 2 0.0079
4 rs35538052 4 0.0077 rs35034355 7 0.0108 rs35034355 7 0.0101
5 rs6460047 7 0.0089 rs1104608 16 0.0115 rs1104608 16 0.0123
6 rs500321 13 0.0094 rs35538052 4 0.0123 rs35538052 4 0.0136
7 rs2764771 16 0.0100 rs2764771 16 0.0130 rs2764771 16 0.0145
8 rs10753661 1 0.0105 rs12655091 5 0.0134 rs12655091 5 0.0149
9 rs13024996 2 0.0111 rs4842786 12 0.0136 rs500321 13 0.0151
10 rs12655091 5 0.0114 rs4501255 4 0.0139 rs28929474 14 0.0153
11 rs28929474 14 0.0116 rs28929474 14 0.0141 rs13250583 8 0.0153
12 rs13250583 8 0.0118 rs10506274 12 0.0142 rs4501255 4 0.0154
13 rs2011092 3 0.0120 rs13250583 8 0.0142 rs4842786 12 0.0154
14 rs4842786 12 0.0117 rs500321 13 0.0141 rs2011092 3 0.0153
15 rs10506274 12 0.0112 rs2011092 3 0.0138 rs10753661 1 0.0153
16 rs4501255 4 0.0108 rs10753661 1 0.0133 rs10506274 12 0.0152
17 rs7074871 10 0.0103 rs12651313 4 0.0127 rs12651313 4 0.0144
18 rs11940694 4 0.0099 rs4092465 18 0.0122 rs281379 19 0.0136
19 rs7682824 4 0.0102 rs281379 19 0.0116 rs4092465 18 0.0127
20 rs12651313 4 0.0096 rs7950166 11 0.0108 rs7074871 10 0.0118
21 rs281379 19 0.0091 rs7074871 10 0.0099 rs11940694 4 0.0110
22 rs4092465 18 0.0083 rs7682824 4 0.0089 rs7682824 4 0.0109
23 rs12907323 15 0.0074 rs11940694 4 0.0085 rs7950166 11 0.0101
24 rs7950166 11 0.0065 rs12907323 15 0.0076 rs12907323 15 0.0091
25 rs378421 16 0.0055 rs378421 16 0.0063 rs378421 16 0.0076
26 rs60654199 3 N/A rs60654199 3 N/A rs60654199 3 N/A

a SNPs with missingR2 were excluded for not satisfying instrumental inequalities
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Table A.6: R2 of weighted allele scores for HDL cholesterol generated using algorithm 1

Number
of SNPs

Exam 1 Exam 2 Exam 3

rsIDs Chr R2 a rsIDs Chr R2 a rsIDs Chr R2 a

1 rs7241918 18 0.0057 rs13107325 4 0.0035 rs13107325 4 0.0043
2 rs13107325 4 0.0100 rs4142995 7 0.0057 rs7241918 18 0.0083
3 rs1883025 9 0.0128 rs2923084 11 0.0075 rs1883025 9 0.0111
4 rs4731702 7 0.0146 rs4660293 1 0.0090 rs4142995 7 0.0131
5 rs4142995 7 0.0165 rs2013208 3 0.0105 rs1800961 20 0.0147
6 rs7134594 12 0.0181 rs10019888 4 0.0119 rs4660293 1 0.0164
7 rs2013208 3 0.0195 rs4759375 12 0.0133 rs4731702 7 0.0179
8 rs737337 19 0.0208 rs7241918 18 0.0144 rs2013208 3 0.0193
9 rs13326165 3 0.0221 rs1883025 9 0.0161 rs7134594 12 0.0207
10 rs4660293 1 0.0234 rs737337 19 0.0172 rs2923084 11 0.0220
11 rs6450176 5 0.0247 rs2290547 3 0.0182 rs737337 19 0.0233
12 rs1800961 20 0.0258 rs4731702 7 0.0191 rs13326165 3 0.0245
13 rs11246602 11 0.0268 rs1689800 1 0.0199 rs2290547 3 0.0256
14 rs2290547 3 0.0277 rs13326165 3 0.0207 rs11246602 11 0.0266
15 rs12801636 11 0.0284 rs11246602 11 0.0215 rs10019888 4 0.0276
16 rs2923084 11 0.0291 rs181362 22 0.0221 rs6450176 5 0.0282
17 rs10019888 4 0.0297 rs4917014 7 0.0225 rs4759375 12 0.0289
18 rs499974 11 0.0302 rs7134594 12 0.0230 rs499974 11 0.0295
19 rs12328675 2 0.0306 rs499974 11 0.0234 rs4917014 7 0.0298
20 rs4650994 1 0.0310 rs2293889 8 0.0237 rs1689800 1 0.0301
21 rs4759375 12 0.0312 rs605066 6 0.0238 rs2293889 8 0.0303
22 rs7134375 12 0.0313 rs6450176 5 0.0239 rs2606736 3 0.0303
23 rs1047891 2 0.0314 rs11869286 17 0.0239 rs12801636 11 0.0304
24 rs4917014 7 0.0315 rs2606736 3 0.0238 rs12328675 2 0.0304
25 rs12967135 18 0.0315 rs2652834 15 0.0238 rs4650994 1 0.0304
26 rs2606736 3 0.0316 rs3822072 4 0.0236 rs605066 6 0.0304
27 rs12145743 1 0.0315 rs4983559 14 0.0235 rs7134375 12 0.0304
28 rs4148008 17 0.0314 rs4148008 17 0.0233 rs12967135 18 0.0303
29 rs4983559 14 0.0313 rs7134375 12 0.0231 rs1047891 2 0.0301
30 rs1689800 1 0.0311 rs12328675 2 0.0229 rs4983559 14 0.0300
31 rs2293889 8 0.0310 rs4650994 1 0.0227 rs11869286 17 0.0299
32 rs605066 6 0.0309 rs1047891 2 0.0225 rs4148008 17 0.0298
33 rs3136441 11 0.0307 rs12967135 18 0.0223 rs12145743 1 0.0296
34 rs6805251 3 0.0305 rs3136441 11 0.0220 rs3136441 11 0.0294

Continued on next page
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Table A.6 Continued from previous page

Number
of SNPs

Exam 1 Exam 2 Exam 3

rsIDs Chr R2 a rsIDs Chr R2 a rsIDs Chr R2 a

35 rs970548 10 0.0302 rs12145743 1 0.0217 rs181362 22 0.0291
36 rs11869286 17 0.0298 rs16942887 16 0.0214 rs6805251 3 0.0287
37 rs702485 7 0.0295 rs702485 7 0.0211 rs386000 19 0.0283
38 rs386000 19 0.0290 rs12801636 11 0.0208 rs3822072 4 0.0279
39 rs581080 9 0.0285 rs838880 12 0.0205 rs970548 10 0.0275
40 rs838880 12 0.0279 rs970548 10 0.0201 rs702485 7 0.0271
41 rs3822072 4 0.0273 rs386000 19 0.0197 rs838880 12 0.0267
42 rs4129767 17 0.0266 rs6805251 3 0.0193 rs2652834 15 0.0263
43 rs2652834 15 0.0259 rs581080 9 0.0189 rs581080 9 0.0257
44 rs17173637 7 0.0250 rs17695224 19 0.0184 rs16942887 16 0.0250
45 rs7255436 19 0.0242 rs2602836 4 0.0178 rs17695224 19 0.0242
46 rs181362 22 0.0234 rs4129767 17 0.0170 rs2602836 4 0.0234
47 rs2602836 4 0.0225 rs17173637 7 0.0162 rs4129767 17 0.0226
48 rs16942887 16 0.0217 rs2925979 16 0.0150 rs17173637 7 0.0218
49 rs17695224 19 0.0208 rs7255436 19 0.0139 rs7255436 19 0.0207
50 rs2925979 16 0.0196 rs1800961 20 N/A rs2925979 16 0.0194

Concluded
a SNPs with missingR2 were excluded for not satisfying instrumental inequalities
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Table A.7: R2 of weighted allele scores for LDL cholesterol generated using algorithm 1

Number
of SNPs

Exam 1 Exam 2 Average

rsIDs Chr R2 a rsIDs Chr R2 a rsIDs Chr R2 a

1 rs629301 1 0.0132 rs629301 1 0.0175 rs629301 1 0.0195
2 rs6511720 19 0.0201 rs6511720 19 0.0253 rs6511720 19 0.0283
3 rs6029526 20 0.0226 rs6029526 20 0.0291 rs6029526 20 0.0322
4 rs1800562 6 0.0246 rs7206971 17 0.0326 rs7206971 17 0.0355
5 rs7206971 17 0.0264 rs8017377 14 0.0358 rs4942486 13 0.0374
6 rs5763662 22 0.0280 rs4942486 13 0.0373 rs8017377 14 0.0392
7 rs11220462 11 0.0296 rs2328223 20 0.0379 rs10102164 8 0.0406
8 rs10102164 8 0.0313 rs364585 20 0.0384 rs364585 20 0.0418
9 rs4942486 13 0.0329 rs1564348 6 0.0387 rs11220462 11 0.0428
10 rs364585 20 0.0339 rs2030746 2 0.0390 rs2328223 20 0.0437
11 rs2710642 2 0.0346 rs1367117 2 0.0394 rs5763662 22 0.0445
12 rs2328223 20 0.0352 rs10102164 8 0.0398 rs2710642 2 0.0453
13 rs4299376 2 0.0358 rs2710642 2 0.0401 rs2030746 2 0.0457
14 rs1250229 2 0.0361 rs5763662 22 0.0402 rs3757354 6 0.0458
15 rs2030746 2 0.0364 rs7640978 3 0.0404 rs1564348 6 0.0457
16 rs3757354 6 0.0367 rs11220462 11 0.0403 rs4299376 2 0.0455
17 rs8017377 14 0.0366 rs4530754 5 0.0401 rs1801689 17 0.0454
18 rs4530754 5 0.0364 rs3757354 6 0.0399 rs1250229 2 0.0451
19 rs1564348 6 0.0362 rs4299376 2 0.0396 rs4530754 5 0.0448
20 rs1801689 17 0.0358 rs9411489 9 0.0388 rs7640978 3 0.0444
21 rs267733 1 0.0349 rs1250229 2 0.0381 rs267733 1 0.0432
22 rs7640978 3 0.0340 rs267733 1 0.0374 rs1367117 2 0.0422
23 rs9411489 9 0.0330 rs2479409 1 0.0348 rs9411489 9 0.0416
24 rs2479409 1 0.0309 rs1801689 17 N/A rs2479409 1 0.0392
25 rs1367117 2 0.0288 rs1800562 6 N/A rs1800562 6 N/A

a SNPs with missingR2 were excluded for not satisfying instrumental inequalities
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Table A.8: R2 and differences inR2 between time points of weighted allele scores for alcohol
intake generated algorithm 2

Number
of SNPs

Weighted allele score for exam 1 Weighted allele score for exam 2

rsIDs Chr Difference
inR2 a

R2 for
rsIDs Chr Difference

inR2 a

R2 for
exposure at exposure at
exam 1 a exam 2 a

1 rs1104608 16 0.00135 0.00266 rs13024996 2 0.00241 0.00300
2 rs10753661 1 0.00230 0.00316 rs705687 1 0.00388 0.00595
3 rs35538052 4 0.00305 0.00482 rs6460047 7 0.00533 0.00875
4 rs500321 13 0.00339 0.00536 rs4501255 4 0.00600 0.00893
5 rs35034355 7 0.00362 0.00703 rs35034355 7 0.00654 0.01094
6 rs7682824 4 0.00392 0.00621 rs4842786 12 0.00696 0.01119
7 rs2011092 3 0.00415 0.00643 rs12655091 5 0.00691 0.01165
8 rs2764771 16 0.00419 0.00698 rs4092465 18 0.00688 0.01042
9 rs7074871 10 0.00414 0.00618 rs10506274 12 0.00685 0.01033
10 rs13250583 8 0.00412 0.00638 rs28929474 14 0.00676 0.01068
11 rs705687 1 0.00404 0.00790 rs12651313 4 0.00668 0.01014
12 rs11940694 4 0.00398 0.00772 rs35538052 4 0.00660 0.01111
13 rs28929474 14 0.00403 0.00818 rs7950166 11 0.00663 0.00993
14 rs12655091 5 0.00398 0.00866 rs2764771 16 0.00656 0.01031
15 rs6460047 7 0.00369 0.00967 rs13250583 8 0.00641 0.01040
16 rs10506274 12 0.00334 0.00974 rs281379 19 0.00614 0.00984
17 rs378421 16 0.00301 0.00805 rs500321 13 0.00580 0.01000
18 rs12907323 15 0.00272 0.00708 rs2011092 3 0.00545 0.00993
19 rs4842786 12 0.00235 0.00711 rs1104608 16 0.00502 0.01117
20 rs12651313 4 0.00199 0.00667 rs12907323 15 0.00458 0.00973
21 rs281379 19 0.00165 0.00635 rs7074871 10 0.00391 0.00888
22 rs4092465 18 0.00116 0.00574 rs378421 16 0.00330 0.00718
23 rs4501255 4 0.00062 0.00574 rs7682824 4 0.00276 0.00637
24 rs7950166 11 0.00010 0.00500 rs10753661 1 0.00209 0.00615
25 rs13024996 2 -0.00085 0.00549 rs11940694 4 0.00085 0.00634
26 rs60654199 3 N/A N/A rs60654199 3 N/A N/A

a SNPs with missing values were excluded for not satisfying instrumental inequalities
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Table A.9: R2 and differences inR2 between time points of weighted allele scores for HDL
cholesterol generated algorithm 2

Number
of SNPs

Weighted allele score for exam 1 Weighted allele score for exam 2

rsIDs Chr Difference
inR2 a

R2 for
rsIDs Chr Difference

inR2 a

R2 for
exposure at exposure at
exam 1 a exam 2 a

1 rs7241918 18 0.00350 0.00571 rs2923084 11 0.00133 0.00190
2 rs6450176 5 0.00470 0.00707 rs4759375 12 0.00211 0.00316
3 rs12801636 11 0.00593 0.00799 rs181362 22 0.00313 0.00348
4 rs13107325 4 0.00722 0.01227 rs4142995 7 0.00434 0.00580
5 rs7134594 12 0.00818 0.01382 rs10019888 4 0.00500 0.00716
6 rs4731702 7 0.00907 0.01570 rs1800961 20 0.00553 0.00887
7 rs13326165 3 0.00970 0.01710 rs1689800 1 0.00613 0.00968
8 rs2013208 3 0.01022 0.01885 rs4660293 1 0.00669 0.01137
9 rs12328675 2 0.01075 0.01904 rs2652834 15 0.00709 0.01106
10 rs4650994 1 0.01124 0.01927 rs3822072 4 0.00738 0.01091
11 rs737337 19 0.01161 0.02066 rs13107325 4 0.00779 0.01424
12 rs7134375 12 0.01181 0.02067 rs4917014 7 0.00807 0.01460
13 rs2290547 3 0.01200 0.02184 rs11246602 11 0.00829 0.01539
14 rs12145743 1 0.01219 0.02166 rs2290547 3 0.00842 0.01620
15 rs1883025 9 0.01235 0.02402 rs11869286 17 0.00862 0.01622
16 rs1047891 2 0.01255 0.02401 rs2013208 3 0.00884 0.01788
17 rs4142995 7 0.01275 0.02593 rs17695224 19 0.00887 0.01677
18 rs6805251 3 0.01296 0.02559 rs2293889 8 0.00890 0.01684
19 rs499974 11 0.01308 0.02609 rs605066 6 0.00894 0.01683
20 rs4148008 17 0.01316 0.02602 rs737337 19 0.00896 0.01814
21 rs12967135 18 0.01322 0.02607 rs499974 11 0.00889 0.01852
22 rs11246602 11 0.01326 0.02687 rs16942887 16 0.00872 0.01764
23 rs2606736 3 0.01323 0.02693 rs4983559 14 0.00855 0.01740
24 rs4129767 17 0.01322 0.02593 rs13326165 3 0.00832 0.01814
25 rs7255436 19 0.01322 0.02435 rs2606736 3 0.00807 0.01821
26 rs4660293 1 0.01326 0.02558 rs2602836 4 0.00781 0.01713
27 rs970548 10 0.01327 0.02529 rs12967135 18 0.00755 0.01681
28 rs4983559 14 0.01320 0.02515 rs702485 7 0.00726 0.01655
29 rs702485 7 0.01311 0.02486 rs838880 12 0.00694 0.01597
30 rs10019888 4 0.01293 0.02549 rs7134375 12 0.00664 0.01589
31 rs581080 9 0.01276 0.02490 rs3136441 11 0.00631 0.01600

Continued on next page
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Table A.9 Continued from previous page

Number
of SNPs

Weighted allele score for exam 1 Weighted allele score for exam 2

rsIDs Chr Difference
inR2 a

R2 for
rsIDs Chr Difference

inR2 a

R2 for
exposure at exposure at
exam 1 a exam 2 a

32 rs386000 19 0.01261 0.02456 rs4148008 17 0.00598 0.01603
33 rs17173637 7 0.01245 0.02361 rs970548 10 0.00564 0.01575
34 rs2293889 8 0.01223 0.02403 rs581080 9 0.00525 0.01523
35 rs605066 6 0.01201 0.02403 rs6805251 3 0.00486 0.01474
36 rs3136441 11 0.01179 0.02406 rs386000 19 0.00450 0.01438
37 rs4917014 7 0.01148 0.02398 rs1047891 2 0.00415 0.01436
38 rs1800961 20 0.01116 0.02552 rs17173637 7 0.00378 0.01344
39 rs2602836 4 0.01078 0.02458 rs12145743 1 0.00343 0.01332
40 rs2925979 16 0.01038 0.02293 rs2925979 16 0.00306 0.01202
41 rs838880 12 0.00999 0.02237 rs4731702 7 0.00269 0.01281
42 rs2923084 11 0.00956 0.02278 rs4650994 1 0.00226 0.01286
43 rs11869286 17 0.00907 0.02260 rs4129767 17 0.00183 0.01212
44 rs4759375 12 0.00851 0.02306 rs12328675 2 0.00133 0.01212
45 rs3822072 4 0.00790 0.02245 rs6450176 5 0.00073 0.01231
46 rs1689800 1 0.00729 0.02255 rs7255436 19 0.00010 0.01128
47 rs17695224 19 0.00668 0.02159 rs7134594 12 -0.00051 0.01190
48 rs2652834 15 0.00598 0.02098 rs1883025 9 -0.00118 0.01400
49 rs16942887 16 0.00525 0.02024 rs12801636 11 -0.00191 0.01377
50 rs181362 22 0.00396 0.01963 rs7241918 18 -0.00396 0.01567

Concluded
a SNPs with missing values were excluded for not satisfying instrumental inequalities
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Table A.10: R2 and differences inR2 between time points of weighted allele scores for LDL
cholesterol

Number
of SNPs

Weighted allele score for exam 1 Weighted allele score for exam 2

rsIDs Chr Difference
inR2 a

R2 for
rsIDs Chr Difference

inR2 a

R2 for
exposure at exposure at
exam 1 a exam 2 a

1 rs5763662 22 0.00264 0.00290 rs8017377 14 0.00472 0.00493
2 rs10102164 8 0.00478 0.00544 rs7206971 17 0.00823 0.00981
3 rs4942486 13 0.00578 0.00818 rs629301 1 0.01009 0.02506
4 rs11220462 11 0.00690 0.00926 rs1367117 2 0.01244 0.02403
5 rs1800562 6 0.00800 0.01194 rs6029526 20 0.01408 0.02779
6 rs1250229 2 0.00916 0.01216 rs7640978 3 0.01504 0.02786
7 rs364585 20 0.00960 0.01298 rs6511720 19 0.01567 0.03600
8 rs2710642 2 0.00972 0.01310 rs1801689 17 0.01602 0.03633
9 rs2328223 20 0.00953 0.01349 rs1564348 6 0.01625 0.03666
10 rs2030746 2 0.00936 0.01363 rs2030746 2 0.01639 0.03706
11 rs3757354 6 0.00908 0.01336 rs2328223 20 0.01653 0.03788
12 rs4530754 5 0.00843 0.01242 rs4942486 13 0.01663 0.03923
13 rs4299376 2 0.00795 0.01331 rs1800562 6 0.01662 0.04090
14 rs267733 1 0.00752 0.01254 rs4530754 5 0.01648 0.04068
15 rs6029526 20 0.00705 0.01469 rs9411489 9 0.01614 0.03999
16 rs1564348 6 0.00635 0.01452 rs2710642 2 0.01582 0.04025
17 rs2479409 1 0.00568 0.01189 rs267733 1 0.01548 0.03920
18 rs1801689 17 0.00500 0.01158 rs364585 20 0.01514 0.03970
19 rs9411489 9 0.00442 0.01091 rs3757354 6 0.01472 0.03960
20 rs7206971 17 0.00370 0.01212 rs10102164 8 0.01380 0.04002
21 rs7640978 3 0.00266 0.01128 rs1250229 2 0.01266 0.03925
22 rs6511720 19 0.00157 0.01888 rs5763662 22 0.01146 0.03936
23 rs8017377 14 -0.00057 0.01908 rs2479409 1 0.01031 0.03646
24 rs629301 1 -0.00381 0.03090 rs11220462 11 0.00903 0.03659
25 rs1367117 2 -0.00780 0.02877 rs4299376 2 0.00780 0.03657

a SNPs with missing values were excluded for not satisfying instrumental inequalities
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Table A.11: R2 of weighted allele scores for alcohol intake generated using algorithm 3

Number of SNPs
Exam 1 Exam 2

rsIDs Chr R2 rsIDs Chr R2

1 rs705687 1 0.0017 rs1104608 16 0.0027
2 rs35034355 7 0.0033 rs35538052 4 0.0043
3 rs6460047 7 0.0047 rs2764771 16 0.0047
4 rs500321 13 0.0053 rs13024996 2 0.0050
5 rs10753661 1 0.0058 rs28929474 14 0.0052
6 rs12655091 5 0.0062 rs13250583 8 0.0054
7 rs2011092 3 0.0063 rs10506274 12 0.0052
8 rs281379 19 0.0049 rs11940694 4 0.0051
9 rs12907323 15 0.0036 rs7682824 4 0.0053
10 rs7950166 11 0.0025 rs4842786 12 0.0053
11 rs60654199 3 N/A rs4501255 4 0.0053
12 rs7074871 10 0.0051
13 rs12651313 4 0.0047
14 rs4092465 18 0.0041
15 rs378421 16 0.0031

a SNPs withR2 values indicated as N/A were excluded for not satisfying instrumental inequalities
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Table A.12: R2 of weighted allele scores for HDL cholesterol generated using algorithm 3

Number of SNPs
Exam 1 Exam 2

rsIDs Chr R2 rsIDs Chr R2

1 rs1883025 9 0.0035 rs7241918 18 0.0057
2 rs4731702 7 0.0054 rs13107325 4 0.0100
3 rs4142995 7 0.0072 rs7134594 12 0.0117
4 rs737337 19 0.0085 rs10019888 4 0.0127
5 rs2013208 3 0.0098 rs1800961 20 0.0134
6 rs6450176 5 0.0111 rs7134375 12 0.0136
7 rs13326165 3 0.0124 rs12328675 2 0.0138
8 rs4660293 1 0.0136 rs4759375 12 0.0138
9 rs2290547 3 0.0146 rs1047891 2 0.0138
10 rs2923084 11 0.0154 rs12967135 18 0.0137
11 rs12801636 11 0.0162 rs2293889 8 0.0136
12 rs11246602 11 0.0169 rs4983559 14 0.0135
13 rs499974 11 0.0174 rs970548 10 0.0133
14 rs4650994 1 0.0180 rs605066 6 0.0130
15 rs2606736 3 0.0181 rs3822072 4 0.0123
16 rs12145743 1 0.0183 rs838880 12 0.0113
17 rs4148008 17 0.0183 rs2602836 4 0.0105
18 rs4917014 7 0.0183 rs181362 22 0.0096
19 rs3136441 11 0.0181 rs16942887 16 0.0086
20 rs1689800 1 0.0180 rs2925979 16 0.0075
21 rs6805251 3 0.0178
22 rs11869286 17 0.0175
23 rs386000 19 0.0170
24 rs702485 7 0.0165
25 rs581080 9 0.0159
26 rs4129767 17 0.0153
27 rs2652834 15 0.0145
28 rs7255436 19 0.0137
29 rs17173637 7 0.0129
30 rs17695224 19 0.0119

a SNPs withR2 values indicated as N/A were excluded for not satisfying instrumental inequalities
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Table A.13: R2 of weighted allele scores for LDL cholesterol generated using algorithm 3

Number of SNPs
Exam 1 Exam 2

rsIDs Chr R2 rsIDs Chr R2

1 rs629301 1 0.0132 rs5763662 22 0.0029
2 rs6511720 19 0.0201 rs10102164 8 0.0054
3 rs7206971 17 0.0217 rs1800562 6 0.0078
4 rs11220462 11 0.0233 rs6029526 20 0.0097
5 rs4942486 13 0.0248 rs364585 20 0.0107
6 rs4530754 5 0.0245 rs2328223 20 0.0112
7 rs1801689 17 0.0243 rs1250229 2 0.0114
8 rs267733 1 0.0234 rs2710642 2 0.0117
9 rs9411489 9 0.0225 rs2030746 2 0.0118
10 rs7640978 3 0.0215 rs4299376 2 0.0120
11 rs2479409 1 0.0196 rs3757354 6 0.0122
12 rs8017377 14 0.0122
13 rs1564348 6 0.0121
14 rs1367117 2 0.0095

a SNPs withR2 values indicated as N/A were excluded for not satisfying instrumental inequalities
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Table A.14: Correlations between weighted allele scores and corresponding exposures at both
examinations

Algorithm for
deriving score

Exposure
Weighted allele score Weighted allele score

for exam 1 for exam 2

n r (95% CI) n r (95% CI)

Algorithm 1 a Alcohol intake
Exam 1 2,938 0.110 (0.074, 0.145) 2,938 0.096 (0.060, 0.132)
Exam 2 2,815 0.110 (0.073, 0.146) 2,815 0.119 (0.083, 0.156)

HDL cholesterol
Exam 1 2,920 -0.178 (-0.213, -0.142) 2,920 -0.161 (-0.196, -0.125)
Exam 2 2,913 -0.150 (-0.186, -0.115) 2,913 -0.156 (-0.191, -0.120)

LDL cholesterol
Exam 1 2,920 -0.191 (-0.226, -0.156) 2,920 -0.164 (-0.199, -0.129)
Exam 2 2,913 -0.191 (-0.226, -0.156) 2,913 -0.202 (-0.236, -0.167)

Algorithm 2 b Alcohol intake
Exam 1 2,938 0.084 (0.048, 0.119) 2,938 0.065 (0.029, 0.101)
Exam 2 2,815 0.053 (0.016, 0.090) 2,815 0.106 (0.069, 0.142)

HDL cholesterol
Exam 1 2,920 -0.159 (-0.194, -0.123) 2,920 -0.096 (-0.132, -0.060)
Exam 2 2,913 -0.110 (-0.146, -0.074) 2,913 -0.135 (-0.170, -0.099)

LDL cholesterol
Exam 1 2,920 -0.114 (-0.150, -0.079) 2,920 -0.150 (-0.186, -0.115)
Exam 2 2,913 -0.060 (-0.096, -0.023) 2,913 -0.199 (-0.233, -0.164)

Algorithm 3 c Alcohol intake
Exam 1 2,938 0.080 (0.044, 0.115) 2,938 0.074 (0.038, 0.110)
Exam 2 2,815 0.076 (0.040, 0.113) 2,815 0.077 (0.040, 0.114)

HDL cholesterol
Exam 1 2,920 -0.135 (-0.171, -0.099) 2,920 -0.118 (-0.153, -0.082)
Exam 2 2,913 -0.113 (-0.149, -0.077) 2,913 -0.097 (-0.133, -0.061)

LDL cholesterol
Exam 1 2,920 -0.157 (-0.193, -0.122) 2,920 -0.111 (-0.146, -0.075)
Exam 2 2,913 -0.174 (-0.209, -0.139) 2,913 -0.083 (-0.119, -0.047)

a Variants were selected from all candidate SNPs to maximizeR2 between the score and the exposure
measure
b Variants were selected from all candidate SNPs to maximize difference inR2 values for the weighted
allele score and the two examination time point measures
c Variants were selected from SNPs on odd numbered chromosomes to maximizeR2 between the score
and the exposure at examination 1; variants were selected from SNPs on even numbered chromosomes to
maximizeR2 between the score and the exposure at examination 2
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Table A.15: Correlations between weighted allele score generated for examination 1 and
weighted allele score generated for examination 2 using different selection algorithms

Weighted allele score Exposure n r (95% CI)

Alcohol intake 2,938 0.783 (0.769, 0.797)
Algorithm 1 a HDL cholesterol 2,920 0.802 (0.789, 0.815)

LDL cholesterol 2,920 0.791 (0.777, 0.805)
Alcohol intake 2,938 0.142 (0.106, 0.177)

Algorithm 2 b HDL cholesterol 2,920 0.275 (0.241, 0.308)
LDL cholesterol 2,920 0.034 (-0.002, 0.070)
Alcohol intake 2,938 -0.025 (-0.061, 0.012)

Algorithm 3 c HDL cholesterol 2,920 0.022 (-0.014, 0.058)
LDL cholesterol 2,920 0.005 (-0.031, 0.042)

a Variants were selected from all candidate SNPs to maximizeR2 between the score and the exposure
measure
b Variants were selected from all candidate SNPs to maximize difference inR2 values for the weighted
allele score and the two examination time point measures
c Variants were selected from SNPs on odd numbered chromosomes to maximizeR2 between the score
and the exposure at examination 1; variants were selected from SNPs on even numbered chromosomes to
maximizeR2 between the score and the exposure at examination 2

115



Table A.16: Associations between exposure measurements at examination 1 and examination
2

Exposure n r (95% CI) β (95% CI) a

Alcohol intake 2,815 0.628 (0.605, 0.650) 0.680 (0.649, 0.711)
HDL cholesterol 2,913 0.802 (0.789, 0.815) 0.883 (0.860, 0.907)
LDL cholesterol 2,913 0.637 (0.615, 0.658) 0.609 (0.582, 0.636)

a Change in the exposure at examination 2 per unit increase in the exposure at examination 1
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B
Supplementary Materials for Chapter 3

B.1 Structure nested cumulative failure time models with a time-varying

instrumental variable

B.1.1 Identifying assumptions

Let Zk represent the value of the instrument during the interval k for k = 0, 1, . . . ,K. Let

Z̄k = (Z0, Z1, . . . , Zk) represent instrument history from time 0 to time k. The instrument

Zk must meet the three instrumental conditions: (1) the instrument is associated with the expo-

sure, or Zk⊥⊥Ak does not hold for any k; (2) the instrument affects the outcome only through

the treatment, or Y z̄k,g
i,k+1 = Y

z̄
′
k,g

i,m+1 = Y g
i,k+1 for all individuals i, k, z̄k, z̄

′
k, and g; and (3) there
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are no common causes, or other sources of lack of exchangeability, between the instrument and

the outcome, or Z̄k ⊥⊥ Yz̄k,gk+1|Y
z̄k−1,g
k = 0 for all z, k, and g. The last two conditions, taken

together, imply conditional exchangeability between the instrument and the counterfactual

outcome under a given treatment regime, Z̄k ⊥⊥ Ygk+1|Y
g
k = 0.8

Some variation of a homogeneity assumption, such as no modification of the effect of

treatmentAk on the outcome Yk+1 by the instrument Zk on the multiplicative scale, is neces-

sary for point estimation.

B.1.2 G-estimation of structural nested cumulative failure time models

with a time-varying instrumental variable

SNCFTMs compare the counterfactual risks at k under the strategies (Ām, 0) and (Ām−1, 0) ,

for each timem < k, among individuals who are free of the outcome throughm (i.e., Ym = 0)

and had treatment history Ām and the same covariate history throughm. When using instru-

mental variable estimation with a time-varying IV, “covariate history” means instrument his-

tory:

exp[γk(Ām;ψ)] =


E
[
Y

(Ām,0)
k |Ām, Z̄m, Ym = 0

]
E
[
Y

(Ām−1,0)
k |Ām, Z̄m, Ym = 0

] if Ym = 0

1 if Ym = 1

The blip function, γk(Ām;ψ), remains unchanged from SNCFTMs with instrumental variable

estimation with a time-fixed IV.
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For IV estimation with a time-varying IV, the estimating function is8,55

U(ψ†;Z) =
K∑
m=0

(1− Ym)
K+1∑
k=m+1

(Zm − E[Zm|Ym = 1])Hm,k(ψ
†)

whereHm,k(ψ
†) is defined as

Hm,kψ
† =


Yk exp

k−1∑
j=m

γj,k(Āj ;ψ
†)

 if Ym = 0

1 if Ym = 1

Under the above IV assumptions, the value ψ̂ that solves E[U(ψ†;Z)] = 0 is our g-estimate.8,55

To solve this equation, the Newton-Raphson procedure can be similarly applied. The proce-

dure for computing marginal counterfactual risks under a given treatment strategy using the

g-estimate ψ̂ is unchanged.
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B.2 Supplementary figures
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Figure B.1: Distributions of marginal risk differences across 1,000 iterations using different
g-estimation approaches under different data-generating mechanisms. The lower and upper
hinges correspond to the 25th and 75th percentile. The lower and upper whiskers extend from
the hinge to the smallest and largest values no further than 1.5*IQR from the hinge, where IQR
is the interquartile range. The median is represented by the line between the hinges, and the
mean is represented by the diamond point symbol.
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Figure B.2: Distributions of marginal risk ratios across 1,000 iterations using different g-
estimation approaches under different data-generating mechanisms. The lower and upper
hinges correspond to the 25th and 75th percentile. The lower and upper whiskers extend from
the hinge to the smallest and largest values no further than 1.5*IQR from the hinge, where IQR
is the interquartile range. The median is represented by the line between the hinges, and the
mean is represented by the diamond point symbol.
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Figure B.3: Distributions of marginal risk differences across 1,000 iterations using different
g-estimation approaches under different data-generating mechanisms with baseline hazards of
5%, 10% and 25%. The lower and upper hinges correspond to the 25th and 75th percentile. The
lower and upper whiskers extend from the hinge to the smallest and largest values no further
than 1.5*IQR from the hinge, where IQR is the interquartile range. The median is represented
by the line between the hinges, and the mean is represented by the diamond point symbol.
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Figure B.4: Distributions of marginal risk ratios across 1,000 iterations using different g-
estimation approaches under different data-generating mechanisms with baseline hazards of
5%, 10% and 25%. The lower and upper hinges correspond to the 25th and 75th percentile. The
lower and upper whiskers extend from the hinge to the smallest and largest values no further
than 1.5*IQR from the hinge, where IQR is the interquartile range. The median is represented
by the line between the hinges, and the mean is represented by the diamond point symbol.

126



Figure B.5: Flowchart of inclusion and exclusion of Nurses’ Health Study participants
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B.3 Supplementary tables
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Table B.1: Characteristics of Nurses’ Health Study I participants at start of follow-up

Full cohort Genetic cohort
(n = 38,917) (n = 7,397)

n
(% missing)

Summary
statistic

n
(% missing)

Summary
statistic

Age (years), mean ± SD 34,043 (0.0) 46.5 ± 1.14 6,492 (0.0) 46.5 ± 1.14
BMI, n (%) 33,339 (2.1) 6,383 (1.7)

<25 kg/m² 20,565 (61.7) 3,951 (61.9)
25 to <30 kg/m² 8,320 (25.0) 1,583 (24.8)
≥35 kg/m² 4,454 (13.4) 849 (13.3)

Hispanic ethnicity, n (%) 34,043 (0.0) 251 (0.7) 6,492 (0.0) 22 (0.3)
Menarche to menopause (years), mean ± SD 33,064 (2.9) 33.8 ± 2.35 6,413 (1.2) 33.9 ± 2.22
Postmenopausal, n(%) 33,064 (2.9) 4,859 (14.7) 6,413 (1.2) 843 (13.1)
Years since menopause among post-
menopausal women, median (IQR)

4,859 (0.0) 1 (0, 3) 843 (0.0) 1 (0, 3)

Ever hormone therapy use, n (%)
Estrogen-only 34,043 (0.0) 365 (1.1) 6,492 (0.0) 63 (1.0)
Estrogen + progesterone 34,043 (0.0) 513 (1.5) 6,492 (0.0) 78 (1.2)
Other 34,039 (0.0) 335 (1.0) 6,491 (0.0) 51 (0.8)

Ever oral contraceptive use, n (%) 33,810 (0.7) 21,187 (62.7) 6,470 (0.3) 4,075 (63.0)
Years of oral contraceptive use among ever
users, median (IQR)

21,156 (0.1) 35 (12, 76.25) 4,072 (0.1) 35 (11.75, 76)

Nulliparous, n (%) 33,535 (1.5) 0 (0.0) 6,434 (0.9) 0 (0.0)
Parity, median (IQR) 33,535 (1.5) 3 (2, 4) 6,434 (0.9) 3 (2, 4)
Smoking status, n (%) 33,980 (0.2) 6,479 (0.2)

Never smoker 14,763 (43.4) 2,875 (44.4)
Former smoker 10,922 (32.1) 2,255 (34.8)
Current smoker 8,295 (24.4) 1,349 (20.8)

Pack-years smoking, median (IQR) 33,633 (1.2) 2 (0, 18) 6,400 (1.4) 2 (0, 16)
Diabetic, n (%) 34,043 (0.0) 645 (1.9) 6,492 (0.0) 157 (2.4)
Family history of endometrial cancer, n (%) 28,687 (15.7) 1,659 (5.8) 5,972 (8.0) 337 (5.6)
Alcohol intake (g/day), median (IQR) 34,043 (0.0) 1.8 (0, 7.8) 6,492 (0.0) 2 (0, 9)
Heavy versus light drinker, n (%) 34,043 (0.0) 6,492 (0.0)

Light drinker (≤1 drink/day) 29,653 (87.1) 5,586 (86.0)
Heavy drinker (>1 drink/day) 4,390 (12.9) 906 (14.0)
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Table B.3: Associations of proposed instrument (weighted allele score) with alcohol intake
and heavy versus light drinkers across baseline five-year age groups

Age n Alcohol intake (g/day) Heavy versus light drinkers

r (95% CI) β (95% CI) a OR (95% CI) b

45-48 6,492 0.062 (0.038, 0.086) 0.654 (0.398, 0.910) 1.140 (1.062, 1.223)
49-52 6,064 0.058 (0.033, 0.083) 0.599 (0.339, 0.860) 1.143 (1.060, 1.232)
53-56 5,715 0.061 (0.035, 0.087) 0.592 (0.341, 0.843) 1.152 (1.063, 1.250)
57-60 5,464 0.067 (0.041, 0.093) 0.678 (0.410, 0.946) 1.132 (1.047, 1.225)
61-64 5,161 0.063 (0.036, 0.090) 0.679 (0.386, 0.972) 1.151 (1.066, 1.243)
65-68 4,746 0.073 (0.045, 0.102) 0.864 (0.529, 1.199) 1.130 (1.049, 1.218)
69-72 3,517 0.066 (0.033, 0.099) 0.781 (0.390, 1.171) 1.161 (1.066, 1.264)

a Change in alcohol intake (g/day) per standard deviation increase in the weighted allele score
b Odds ratio for heavy versus light drinkers per standard deviation increase in the weighted allele score
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Table B.4: Distributions of alcohol intake and proportion of heavy drinkers across quartiles of
the proposed instrument (weighted allele score) across baseline five-year age groups

Age
Quartile 1 Quartile 2 Quartile 3 Quartile 4

n Statistic n Statistic n Statistic n Statistic
statistic statistic statistic statistic

Alcohol intake (g/day), mean ± SD
45-48 1,623 5.90 ± 9.83 1,623 6.34 ± 10.26 1,623 6.62 ± 10.43 1,623 7.38 ± 11.55
49-52 1,511 5.68 ± 9.75 1,522 6.06 ± 10.36 1,504 6.58 ± 10.65 1,527 7.04 ± 10.71
53-56 1,434 5.07 ± 9.11 1,429 5.52 ± 9.67 1,414 6.16 ± 9.67 1,438 6.49 ± 10.33
57-60 1,377 5.35 ± 9.38 1,369 5.64 ± 9.68 1,349 6.03 ± 9.40 1,369 7.00 ± 11.80
61-64 1,300 5.88 ± 9.94 1,299 6.05 ± 10.13 1,272 6.83 ± 10.79 1,290 7.42 ± 11.98
65-68 1,193 6.41 ± 10.66 1,190 6.52 ± 10.98 1,177 7.76 ± 12.00 1,186 8.30 ± 13.16
69-72 7.89 ± 13.07
Proportion
of heavy
drinks, n
(%)
45-48 1,623 195 (12.0) 1,623 224 (13.8) 1,623 229 (14.1) 1,623 258 (15.9)
49-52 1,511 170 (11.3) 1,522 191 (12.5) 1,504 201 (13.4) 1,527 225 (14.7)
53-56 1,434 131 (9.1) 1,429 170 (11.9) 1,414 182 (12.9) 1,438 186 (12.9)
57-60 1,377 169 (12.3) 1,369 176 (12.9) 1,349 167 (12.4) 1,369 216 (15.8)
61-64 1,300 172 (13.2) 1,299 183 (14.1) 1,272 199 (15.6) 1,290 224 (17.4)
65-68 1,193 192 (16.1) 1,190 199 (16.7) 1,177 226 (19.2) 1,186 240 (20.2)
69-72 896 159 (17.7) 884 149 (16.9) 875 182 (20.8) 862 181 (21.0)
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Table B.5: Associations of the proposed instrument (weighted allele score) with hazard of
endometrial cancer across baseline five-year age groups

Age n Number of events OR (95 % CI) a

45-48 6,492 12 0.843 (0.480, 1.483)
49-52 6,064 29 1.111 (0.771, 1.602)
53-56 5,715 27 0.950 (0.652, 1.385)
57-60 5,464 42 1.337 (0.983, 1.818)
61-64 5,161 45 0.879 (0.655, 1.179)
65-68 4,746 34 0.937 (0.669, 1.314)
69-72 3,517 30 0.958 (0.669, 1.373)

a Odds ratio for 10-year endometrial cancer per standard deviation increase in
the weighted allele score
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C
Supplementary Materials for Chapter 4
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C.1 Supplementary figures
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Figure C.1: Inclusion and exclusion of study participants from E2C2 consortium studies
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Figure C.2: Inclusion and exclusion of study participants from NHS
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Figure C.3: Inclusion and exclusion of study participants from NHS II
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Figure C.4: Inclusion and exclusion of study participants from PLCO
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Figure C.5: Estimated cumulative endometrial cancer risk stratified by risk percentiles in cur-
rent US population of white women
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C.2 Supplementary tables
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Table C.3: Characteristics of participants in pooled E2C2 case-control studies

Cases Controls
(n = 9,075) (n = 14,290)

n
(% missing)

Summary
statistic

n
(% missing)

Summary
statistic

Demographic factors
Age (years), mean ± SD 9,075 (0.0) 63.9 ± 7.7 14,290 (0.0) 64.4 ± 8.1
Hispanic 5,282 (41.8) 108 (2.0) 10,170 (28.8) 207 (2.0)
Education, n (%) 8,363 (7.8) 12,486 (12.6)

High school or below 4,389 (52.5) 6,274 (50.2)
Some college or equivalent 2,000 (23.9) 2,399 (19.2)
College or above 1,974 (23.6) 3,813 (30.5)

Lifestyle factors
Smoking status, n (%) 8,643 (4.8) 13,940 (2.4)

Never smoker 5,312 (61.5) 7,763 (55.7)
Former smoker 2,477 (28.7) 4,066 (29.2)
Current smoker 854 (9.9) 2,111 (15.1)

Pack-years of smoking among ever smokers,
median (IQR)

1,759 (47.2) 17.0 (5.0, 34.5) 3,264 (47.2) 15.8 (4.8, 33.2)

Alcohol (drinks/week), median (IQR) 2,950 (67.5) 1.0 (0.0, 3.6) 5,761 (59.7) 1.7 (0.0, 5.5)
Body mass index (kg/m²), mean ± SD 8,920 (1.7) 29.1 ± 7.4 14,033 (1.8) 25.7 ± 5.0
Reproductive and hormonal factors
Parity, median (IQR) 8,932 (1.6) 2.0 (1.0, 3.0) 14,154 (1.0) 2.0 (1.0, 3.0)
Age at first birth, mean ± SD 6,635 (26.9) 19.5 ± 10.3 9,783 (31.5) 21.1 ± 9.7
Age at last birth, mean ± SD 1,314 (85.5) 28.4 ± 5.0 1,434 (90.0) 29.8 ± 5.1
Age at menarche, mean ± SD 8,950 (1.4) 12.7 ± 1.6 14,120 (1.2) 12.9 ± 1.6
Ever HT use, n (%)

Any 8,942 (1.5) 3,697 (41.3) 14,027 (1.8) 5,872 (41.9)
cEP HT 6,198 (31.7) 1,633 (26.3) 9,414 (34.1) 3,409 (36.2)
E-only HT 6,716 (26.0) 1,528 (22.8) 9,695 (32.2) 1,727 (17.8)

Duration of HT use among ever users (years),
median (IQR)

cEP HT 1,321 (19.1) 5.7 (2.0, 11.0) 2,872 (15.8) 4.0 (1.5, 8.1)
E-only HT 1,291 (15.5) 6.0 (1.9, 12.0) 1,412 (18.2) 3.0 (1.4, 7.5)

Ever OC use, n (%) 8,958 (1.3) 3,272 (36.5) 14,095 (1.4) 5,406 (38.4)
Duration of OC use among ever users (years),
median (IQR)

2,500 (23.6) 3.2 (1.0, 7.0) 4,222 (21.9) 4.3 (1.5, 9.1)

Clinical factors
History of diabetes, n (%) 7,654 (15.7) 1,204 (15.7) 12,299 (13.9) 958 (7.8)
History of endometriosis, n (%) 4,629 (49.0) 718 (15.5) 7,726 (45.9) 238 (3.1)
History of hypertension, n (%) 6,793 (25.1) 2,857 (42.1) 11,464 (19.8) 3,450 (30.1)
Family history of endometrial cancer, n (%) 4,588 (49.4) 197 (4.3) 6,424 (55.0) 173 (2.7)
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Table C.6: Estimated baseline risks for endometrial cancer and competing causes

Age
group

Hysterectomy
prevalence

Endometrial cancer (per 100,000) Competing causes

Original Corrected for Mortality Other cancers
hysterectomy (per 100,000) (per 100,000)

NHS BRFSS 1988 SEER
1989-1993

CDC
WONDER 1988

SEER
1989-1993

45-49 0.304 24.2 34.8 320.4 422.1
50-54 0.350 43.9 67.6 320.4 590.9
55-59 0.366 63.5 100.2 858.7 809.1
60-64 0.375 88.4 141.4 858.7 1089.0
65-69 0.312 106.0 154.1 1995.8 1391.7
70-74 0.370 119.2 189.1 1995.8 1674.0
75-79 0.387 113.3 184.7 5040.4 1899.3
80-84 0.294 88.9 126.0 5040.4 2001.9
NHS II BRFSS

2006-2008
SEER

2003-2007
CDC

WONDER 2004
SEER

2003-2007
45-49 0.174 23.9 28.9 239.0 425.1
50-54 0.226 47.3 61.1 337.8 583.3
55-59 0.298 73.9 105.2 525.0 785.6
60-64 0.351 88.2 136.0 851.1 1069.1
65-69 0.416 93.8 160.6 1327.6 1392.6
70-74 0.448 88.0 159.3 2141.8 1649.3
75-79 0.463 83.1 154.7 3447.3 1910.8
80-84 0.441 79.2 141.6 5845.5 2026.9
PLCO BRFSS

1996-1998
SEER

1996-2000
CDC

WONDER 1997
SEER

1996-2000
45-49 0.226 24.3 31.4 281.6 422.1
50-54 0.294 51.3 72.7 281.6 590.9
55-59 0.375 73.2 117.1 758.7 809.1
60-64 0.415 91.9 157.1 758.7 1089.0
65-69 0.424 100.5 174.6 1880.4 1391.7
70-74 0.426 108.1 188.3 1880.4 1674.0
75-79 0.418 105.0 180.5 4705.8 1899.3
80-84 0.388 100.6 164.3 4705.8 2001.9
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Table C.7: Distribution of endometrial cancer risk factors in reference data sets and estimated
relative risks from pooled E2C2 case-control studies

Weighted summary statistic RRs from RRs from
LASSO model logistic model

NHANES NHANES E2C2 E2C21999-2000 2007-2008
Demographic factors
Education, n (%)

High school or below 52.2 43.2 (ref) (ref)
Some college or equivalent 27.3 29.5 0.99 0.92
College or above 20.6 27.3 0.99 0.92

Lifestyle factors
Smoking status

Never smoker 50.7 54.1 (ref) (ref)
Former smoker 29.9 26.9 0.83 0.79
Current smoker 19.5 19.0 0.66 0.61

Body mass index (kg/m²), n (%)
<18.5 1.9 2.0 0.78 0.67
18.5 to <25 33.6 32.5 (ref) (ref)
25 to <30 28.2 30.4 1.39 1.44
30 to <35 19.7 17.4 2.49 2.41
≥35 16.6 17.7 5.85 5.61

Reproductive and hormonal factors
Parity, n (%)

0 9.3 9.5 (ref) (ref)
1 7.9 13.1 1.13 1.01
2 21.5 26.8 0.98 0.82
3 23.7 23.0 0.84 0.69
≥4 37.6 27.6 0.64 0.52

Age at first birth, n (%)
<20 29.9 21.1 (ref) (ref)
20 to <25 40.1 40.7 1.00 0.89
25 to <30 14.2 17.9 0.87 0.76
30 to <35 4.6 6.3 0.85 0.72
≥35 0.5 1.8 0.71 0.63
Never given birth 10.7 12.1 1.37 1.09

Age at menarche, n (%)
≤10 5.8 7.1 (ref) (ref)
11 12.6 13.5 1.00 0.89
12 27.5 22.3 1.04 0.94
13 32.7 26.7 1.00 0.86
14 8.7 15.9 0.94 0.80

Continued on next page
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Table C.7 Continued from previous page

Weighted summary RRs from RRs from
statistic LASSO model logistic model

NHANES NHANES E2C2 E2C21999-2000 2007-2008
15 7.0 7.5 0.91 0.76
≥16 5.7 7.1 0.83 0.68

Ever any HT use, n (%) 52.8 41.6 1.34 1.38
Ever E-only HT use, n (%) 42.7 26.6 1.04 0.84
Duration of E-only HT use, n (%)

Never user 57.5 73.6 (ref) (ref)
>0 to 5 years 18.3 13.9 1.00 1.75
>5 to 10 years 9.6 3.7 1.67 4.24
>10 years 14.7 8.7 3.45 11.37

Ever cEP HT use, n (%) 12.7 13.1 0.97 0.56
Duration of cEP HT use, n (%)

Never user 87.6 86.9 (ref) (ref)
>0 to 5 years 10.7 8.9 1.00 1.52
>5 to 10 years 1.4 2.8 1.00 1.71
>10 years 0.4 1.4 1.45 2.31

Ever OC use, n (%) 64.8 78.0 0.84 0.84
Duration of OC use (years), n (%)

Never user 35.4 22.2 (ref) (ref)
>0 to 5 years 42.1 45.8 1.00 0.97
>5 to 10 years 16.1 17.1 0.93 0.84
>10 years 6.4 15.0 0.64 0.53

Clinical factors
History of diabetes, n (%) 7.3 9.8 1.37 1.42
History of hypertension, n (%) 35.6 41.2 1.17 1.18
Product terms between OC use and BMI
(Ever OC use) × (BMI of 25 to <30 kg/m²) 0.96 N/A
(Ever OC use) × (BMI of 30 to <35 kg/m²) 1.00 N/A
(Ever OC use) × (BMI of ≥35 kg/m²) 1.00 N/A
(Duration of OC use >0 to 5 years) × (BMI of 25 to <30 kg/m²) 0.97 N/A
(Duration of OC use >0 to 5 years) × (BMI of 30 to <35 kg/m²) 1.25 N/A
(Duration of OC use >0 to 5 years) × (BMI of ≥35 kg/m²) 1.00 N/A
(Duration of OC use >5 to 10 years) × (BMI of 25 to <30 kg/m²) 1.00 N/A
(Duration of OC use >5 to 10 years) × (BMI of 30 to <35 kg/m²) 0.95 N/A
(Duration of OC use >5 to 10 years) × (BMI of ≥35 kg/m²) 1.00 N/A
(Duration of OC use >10) × (BMI of 25 to <30 kg/m²) 1.00 N/A
(Duration of OC use >10) × (BMI of 30 to <35 kg/m²) 0.64 N/A
(Duration of OC use >10) × (BMI of ≥35 kg/m²) 1.00 N/A

Continued on next page
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Table C.7 Continued from previous page

Weighted summary RRs from RRs from
statistic LASSO model logistic model

NHANES NHANES E2C2 E2C21999-2000 2007-2008
Product terms between any HT use and BMI
(Ever any HT use) × (BMI of 25 to <30 kg/m²) 1.00 N/A
(Ever any HT use) × (BMI of 30 to <35 kg/m²) 0.78 N/A
(Ever any HT use) × (BMI of ≥35 kg/m²) 0.69 N/A
Product terms between E-only HT use and BMI
(Ever E-only HT use) × (BMI of 25 to <30 kg/m²) 1.00 N/A
(Ever E-only HT use) × (BMI of 30 to <35 kg/m²) 0.91 N/A
(Ever E-only HT use) × (BMI of ≥35 kg/m²) 0.67 N/A
(Duration of E-only HT use >0 to 5 years) × (BMI of 25 to <30 kg/m²) 1.00 N/A
(Duration of E-only HT use >0 to 5 years) × (BMI of ≥30 kg/m²) 1.00 N/A
(Duration of E-only HT use >5 to 10 years) × (BMI of 25 to <30 kg/m²) 1.00 N/A
(Duration of E-only HT use >5 to 10 years) × (BMI of ≥30 kg/m²) 0.82 N/A
(Duration of E-only HT use >10) × (BMI of 25 to <30 kg/m²) 1.00 N/A
(Duration of E-only HT use >10) × (BMI of ≥30 kg/m²) 0.55 N/A
Product terms between cEP HT use and BMI
(Ever cEP HT use) × (BMI of 25 to <30 kg/m²) 0.86 N/A
(Ever cEP HT use) × (BMI of 30 to <35 kg/m²) 0.72 N/A
(Ever cEP HT use) × (BMI of ≥35 kg/m²) 0.83 N/A
(Duration of cEP HT use >0 to 5 years) × (BMI of 25 to <30 kg/m²) 1.00 N/A
(Duration of cEP HT use >0 to 5 years) × (BMI of ≥30 kg/m²) 1.00 N/A
(Duration of cEP HT use >5 to 10 years) × (BMI of 25 to <30 kg/m²) 1.10 N/A
(Duration of cEP HT use >5 to 10 years) × (BMI of ≥30 kg/m²) 1.00 N/A
(Duration of cEP HT use >10) × (BMI of 25 to <30 kg/m²) 0.82 N/A
(Duration of cEP HT use >10) × (BMI of ≥30 kg/m²) 0.61 N/A
Product term between duration of E-only HT use (ordinal)
and BMI (ordinal) N/A 0.81

Concluded
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Table C.8: SNPs included in clinical plus genetic risk prediction models for endometrial can-
cer

Chr Position rsID Ref Allele Alt Allele Alt allele Allelic OR
frequency (95% CI)

1 38073356 rs113998067 T C 0.03963 1.23 (1.14, 1.32)
2 60897579 rs148261157 G A 0.0352 1.26 (1.16, 1.36)
6 21649085 rs1740828 A G 0.50414 1.15 (1.11, 1.19)
6 126008372 rs2747716 G A 0.56507 1.10 (1.07, 1.14)
8 129599278 rs4733613 G C 0.13481 1.18 (1.13, 1.24)
8 129623902 rs139584729 G C 0.98667 1.40 (1.25, 1.58)
9 22207037 rs1679014 C T 0.06005 1.18 (1.12, 1.25)
11 32489664 rs10835920 C T 0.35016 1.09 (1.06, 1.13)
12 26426338 rs9668337 G A 0.73881 1.11 (1.08, 1.15)
12 111884608 rs3184504 T C 0.526228 1.10 (1.07, 1.14)
12 115214548 rs10850382 C T 0.30124 1.10 (1.07, 1.14)
13 73812141 rs7981863 T C 0.75081 1.16 (1.12, 1.20)
14 105243220 rs2498796 G A 0.31578 1.07 (1.03, 1.11)
15 40322124 rs937213 T C 0.42647 1.09 (1.06, 1.13)
15 51553909 rs17601876 A G 0.50159 1.12 (1.09, 1.16)
17 29646032 rs1129506 A G 0.3629 1.10 (1.06, 1.13)
17 36097775 rs11263761 G A 0.5328 1.15 (1.12, 1.19)
17 46294236 rs882380 C A 0.59978 1.10 (1.06, 1.13)
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Table C.9: Discrimination of clinical-only models using logistic regression to estimate the log
relative risk parameters for the endometrial cancer predictors

Validation Prediction Number of Number AUC (95% CI)cohort model participants of events

NHS
Full cohort Clinical 69,272 657 0.647 (0.626, 0.668)
NHS II
Full cohort Clinical 57,593 272 0.698 (0.668, 0.728)
PLCO
Full cohort Clinical 39,949 463 0.639 (0.613, 0.666)
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Table C.10: Relative and absolute 10-year risk calibration of the clinical-only risk prediction
models for endometrial cancer in the NHS, NHS II and PLCO cohorts, developed using logis-
tic regression to estimate the log relative risk parameters for the endometrial cancer predictors

Study/
Decile N

Number
of

events

Relative 10-year risk Absolute 10-year risk (%)

Observed Expected Observed Expected E/O ratio
(95% CI) (95% CI) (95% CI)

NHS
1 7,032 25 0.37 (0.26, 0.55) 0.28 0.36 (0.22, 0.49) 0.11 0.31 (0.21, 0.45)
2 6,837 30 0.46 (0.33, 0.66) 0.40 0.44 (0.28, 0.60) 0.16 0.35 (0.25, 0.51)
3 6,917 47 0.72 (0.54, 0.94) 0.49 0.68 (0.49, 0.87) 0.19 0.28 (0.21, 0.37)
4 6,924 31 0.47 (0.33, 0.66) 0.57 0.45 (0.29, 0.60) 0.22 0.49 (0.35, 0.70)
5 6,928 63 0.96 (0.76, 1.21) 0.68 0.91 (0.69, 1.13) 0.26 0.29 (0.23, 0.37)
6 6,925 62 0.94 (0.75, 1.19) 0.80 0.90 (0.67, 1.12) 0.31 0.34 (0.27, 0.44)
7 6,928 74 1.13 (0.91, 1.39) 0.94 1.07 (0.83, 1.31) 0.36 0.34 (0.27, 0.43)
8 6,940 81 1.23 (1.00, 1.51) 1.15 1.17 (0.91, 1.42) 0.44 0.38 (0.31, 0.47)
9 6,914 98 1.49 (1.25, 1.79) 1.55 1.42 (1.14, 1.70) 0.60 0.42 (0.35, 0.51)
10 6,927 146 2.22 (1.93, 2.56) 3.13 2.11 (1.77, 2.45) 1.21 0.57 (0.49, 0.67)
Overall 69,272 657 0.41 (0.38, 0.44)
NHS II
1 5,763 5 0.56 (0.39, 0.81) 0.25 0.65 (0.40, 0.90) 0.24 0.37 (0.27, 0.51)
2 5,756 6 0.52 (0.35, 0.76) 0.37 0.60 (0.36, 0.84) 0.35 0.59 (0.42, 0.82)
3 5,760 15 0.60 (0.42, 0.86) 0.48 0.70 (0.44, 0.96) 0.45 0.65 (0.48, 0.88)
4 5,765 16 0.84 (0.62, 1.13) 0.58 0.98 (0.67, 1.28) 0.55 0.56 (0.43, 0.73)
5 5,757 19 0.71 (0.51, 0.99) 0.71 0.83 (0.54, 1.11) 0.67 0.82 (0.62, 1.09)
6 5,756 31 0.89 (0.66, 1.18) 0.83 1.03 (0.72, 1.34) 0.79 0.76 (0.59, 0.98)
7 5,761 26 0.76 (0.56, 1.04) 1.02 0.89 (0.60, 1.17) 0.97 1.09 (0.83, 1.44)
8 5,766 34 0.87 (0.65, 1.17) 1.29 1.01 (0.70, 1.33) 1.22 1.21 (0.93, 1.56)
9 5,749 44 1.62 (1.32, 1.99) 1.60 1.89 (1.47, 2.31) 1.51 0.80 (0.67, 0.97)
10 5,760 76 2.63 (2.26, 3.06) 2.88 3.05 (2.52, 3.59) 2.73 0.89 (0.77, 1.03)
Overall 57,593 272 0.81 (0.72, 0.92)
PLCO
1 3,995 26 0.56 (0.39, 0.81) 0.25 0.65 (0.40, 0.90) 0.24 0.37 (0.25, 0.54)
2 4,000 24 0.52 (0.35, 0.76) 0.37 0.60 (0.36, 0.84) 0.35 0.59 (0.39, 0.87)
3 3,997 28 0.60 (0.42, 0.86) 0.48 0.70 (0.44, 0.96) 0.45 0.65 (0.45, 0.94)
4 3,998 39 0.84 (0.62, 1.13) 0.58 0.98 (0.67, 1.28) 0.55 0.56 (0.41, 0.77)
5 3,998 33 0.71 (0.51, 0.99) 0.71 0.83 (0.54, 1.11) 0.67 0.82 (0.58, 1.15)
6 3,981 41 0.89 (0.66, 1.18) 0.83 1.03 (0.72, 1.34) 0.79 0.76 (0.56, 1.03)
7 4,170 37 0.76 (0.56, 1.04) 1.02 0.89 (0.60, 1.17) 0.97 1.09 (0.79, 1.51)
8 3,857 39 0.87 (0.65, 1.17) 1.29 1.01 (0.70, 1.33) 1.22 1.21 (0.88, 1.65)
9 4,025 76 1.62 (1.32, 1.99) 1.60 1.89 (1.47, 2.31) 1.51 0.80 (0.64, 1.00)
10 3,928 120 2.63 (2.26, 3.06) 2.88 3.05 (2.52, 3.59) 2.73 0.89 (0.75, 1.07)
Overall 39,949 463 0.82 (0.74, 0.89)
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