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ABSTRACT

In observational studies or non-randomized studies with censored data, associ-
ations are commonly measured with adjusted hazards ratios from multivariable
proportional hazards models. The difference in restricted mean survival times
(RMST) up to a pre-specified time point is an alternative measure that offers a
clinically meaningful interpretation. However, existing methods for the difference
in RMST do not address statistical challenges common in observational research,
such as time-varying confounding or competing risks. Several regression-based
methods exist to estimate an adjusted difference in RMSTs, but they digress from
the model-free method of taking the area under the survival function. The lifetime
risk is another widely reported metric for disease incidence in the presence of cen-
soring and the competing risk of death. The lifetime risk is usually estimated by
the Aalen-Johansen estimator allowing delayed entry, but there are no methods to
directly model the lifetime risk. These gaps in statistical methodology may limit
the applications of the difference in RMST and lifetime risk. By addressing these
methodological gaps, we aim to promote the reporting of the RMST and lifetime
risk in observational and non-randomized studies.

In this dissertation, we present novel statistical methods for the difference in
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RMST, difference in restricted mean time lost (RMTL), and lifetime risk. First, we
introduce an estimator and the associated variance for the adjusted difference in
RMST using inverse probability weighting (IPW). Second, we demonstrate how to
estimate the adjusted difference in RMST accounting for time-varying confound-
ing with the parametric g-formula. We also demonstrate how to address missing
data challenges with sequential multiple imputation. Third, we introduce an IPW-
based estimator and the associated variance for the adjusted difference in RMTL in
the presence of competing risks. We also propose a regression model of the RMTL
conditional on covariates with inverse probability of censoring weighting. Finally,
we present a new regression model for the lifetime risk using pseudo-observations
of the Aalen-Johansen estimator. In simulation studies, we demonstrate our pro-
posed estimators are unbiased and perform well under various settings. We illus-
trate the methods for incident coronary heart disease and atrial fibrillation in the

Framingham Heart Study.
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CHAPTER 1

Introduction

1.1 RESTRICTED MEAN LIFETIME MEASURES

In observational studies and non-randomized clinical trials, the endpoint of inter-
est is frequently the time to event, such as survival time or time of disease inci-
dence, denoted as T. The mean survival time, E(T), is not estimable because of
right-censoring on T. However, it is possible to estimate the restricted mean sur-

vival time (RMST) up to time T,

w(t) = E(TAT) = /OTS(t)dt

where S(t) = P(T > t) is the survival function. If death is the outcome, the RMST
is interpreted as the life expectancy until time 7. This interpretation is clinically
meaningful and may be advantageous when communicating results.(Trinquart
et al., 2016; Weir et al., 2019) The RMST can be estimated non-parametrically by

taking the area under the Kaplan-Meier estimator of the survival function up to T,

where S(t) = Ht],<t <1 — %), t; : t1,...,tp are the ordered, unique event
- ]

times prior to 7, N.(f) is the number of events by t, AN (t) is the increment
N.(t) — N(t—), and Y(¢) is the number at risk at ¢.(Kaplan & Meier, 1958) The
difference in RMST between groups is obtained by subtracting subgroup-specific
RMSTs.

In an observational or non-randomized clinical trial setting, covariate adjust-



ment is necessary. To adjust for confounders, the RMST can be modeled con-
ditional on covariates. Karrison (1987), Zucker (1998) and Chen & Tsiatis (2001)
proposed variations of proportional hazards models stratified by exposure group.
(Andersen & Pohar Perme, 2010) and (Tian et al., 2014) proposed generalized linear
models for the RMST, estimated with pseudo-observation and inverse probability
of censoring weighting (IPCW), respectively. Royston et al. (2015) proposed a flex-
ible parametric model for the log cumulative hazard with restricted cubic splines.
However, regression methods are inconsistent with the original approach of tak-
ing the area under the survival curve. In Chapter 2 of this dissertation, I develop
an adjusted estimator of the difference in RMST to account for confounding using
inverse probability weighting (IPW). This approach is consistent with the original
idea of taking the area under the Kaplan-Meier curve.

Furthermore, values of covariates may be measured at multiple timepoints and
vary over time. One can incorporate time-varying covariates in a Cox proportional
hazards model or using the g-methods, i.e. the parametric g-formula, inverse prob-
ability weighting of marginal structural models, and g-estimation.(Robins, 1986;
Witteman et al., 1998; Taubman et al., 2009; Danaei et al., 2016; Naimi et al., 2017)
However, statistical methods to estimate the RMST while accounting for time-
varying confounding are limited.(Hagiwara et al., 2019) In Chapter 3 of this dis-
sertation, I demonstrate how to derive the difference in RMST with the parametric
g-formula to account for time-varying confounding. I also demonstrate how to
address missing data challenges, which arise with repeated examinations, using
sequential multiple imputation.

The restricted mean time lost (RMTL) is a closely related measure to the RMST.

In the competing risk setting with K causes of failure ¢ € (1,...,K), the cause-



specific RMTL is the area under the cause-specific cumulative incidence function

until time 7,

w(T) = /O " F(t)dt.

The RMTL gives the lost life expectancy due to cause k until time 7, or in the dis-
ease incidence setting, the lost disease-free time until 7. In the absence of compet-
ing risks, L(t) = 7 — u(t). The cause-specific RMTL can be estimated by taking
the area under the Aalen-Johansen estimator of the cause-specific cumulative inci-

dence function until time T,

De(T) = /0 " E(t)dt

where Ni(t) denotes events of cause k, Y(t) is the number at risk, and 5(t) is the
Kaplan-Meier estimator of being alive and event-free at t. The difference in RMTL
between groups is obtained by subtracting subgroup-specific RMTLs.

The RMTL can also be modeled conditional on covariates to adjust for
confounders.  Similar to the RMST, modeling approaches are inconsistent
with the original approach of taking the area under the cumulative incidence
curve.(Andersen, 2013) Despite the high prevalence of competing risks, most sta-
tistical development has focused on the RMST instead of the cause-specific RMTL.
In Chapter 4 of this dissertation, I develop an adjusted estimator of the RMTL
to account for confounding using IPW. I also develop a regression model for the
RMTL conditional on covariates using inverse probability of censoring weighting

(IPCW).



1.2 LIFETIME RISK

Another measure commonly reported in competing risks data is the residual life-
time risk. The residual lifetime risk is the long-term, cumulative risk for develop-
ing a disease after a certain index age, 7y.(Beiser et al., 2000) Many clinical appli-
cations from longitudinal cohort studies have examined the lifetime risk of vari-
ous diseases.(Feuer et al., 1993; Lloyd-Jones et al., 2004, 2006; Seshadri et al., 2006;
Berry et al., 2012; Staerk et al., 2018; Brookmeyer & Abdalla, 2019) Risk measures
over longer time frames have been shown to motivate lifestyle behavior, particu-
larly among younger individuals or those who may not be at short-term risk of
disease.(Lloyd-Jones et al., 2004) Thus, correctly quantifying the lifetime risk is es-
sential.

The lifetime risk is estimated by using age as the time scale and by accounting
for the competing risk of death, in which an individual may die before experi-
encing disease. The lifetime risk is estimated at a fixed point, as the cumulative
incidence function for the disease estimated at an advanced age, e.g. 95 years. The
residual lifetime risk can be estimated non-parametrically by the Aalen-Johansen

estimator,

F (7T > 1) = S(tj-1)
TO<;]§T ! Y(tf)

where 19 < t; < T are the unique ages at failure and the risk set Y () is modified
to allow delayed entries, $(t) = [Ty<tj< <1 — %) . Beiser et al. (2000); Gaynor
et al. (1993); Du (2010); Andersen et al. (1993)

The difference in residual lifetime risk can be obtained by subtracting
subgroup-specific estimates of the lifetime risk. However, multivariable predic-

tion of lifetime risk has yet to be demonstrated.(Beiser et al., 2000; Allignol et al.,



2011) In Chapter 5 of this dissertation I address this gap by developing a regression
model for the lifetime risk conditional on covariates using the pseudo-observation

approach.

1.3 NEED FOR STATISTICAL DEVELOPMENT BEYOND THE HAZARDS
RATIO

The objectives of this dissertation are to express associations between risk factors
and the different in RMST, RMTL, or lifetime risk. These measures of association
can complement measures of association which are more frequently rep rorted in
analyses of lifetime data, such as the hazards ratio (HR) or subdistribution HR.
Furthermore, we can make individualized predictions based on these alternative
measures of association.

Analyses of lifetime data typically involve the hazard function A(t), which is
defined as
- P{T € (t,t+ At)|T > t}.

=]
/\(t) ALO At

This is because the hazard is still valid in the presence of right censor-
ing.(Beyersmann et al., 2009) Consequently, associations between covariates and
time-to-event outcomes are commonly expressed with HRs estimated by Cox pro-
portional hazards models. In the case of competing risks, there are two hazard
frameworks to express associations. The first is the subdistribution HR, where the

subdistribution hazard for cause k, Ai(t), is defined as

= >
Ae(t) = lim P{T € (tt+At) e =KT >tUT <te#k}

Subdistribution HRs are commonly estimated by Fine-Gray proportional hazards



models. The second framework is the cause-specific HR, where the cause-specific

hazard for cause k, ai(t), is defined as

. P{T e (t,t+At),e =k|T >t}
a(t) = lim, At -

The cause-specific HR is commonly estimated with a Cox proportional hazards
model for event k, while treating other event types as censored.

Proportional hazards and subdistribution hazards models permit adjustment
for covariates, and an array of statistical developments have addressed other chal-
lenges including time-varying covariates and delayed entry. For this reason, pro-
portional hazards and subdistribution models are frequently the default choice
for analyses of lifetime data in observational and nonrandomized clinical trials.
However, the HR depends on follow-up duration if the proportional hazards as-
sumption is violated. In the case of nonproportional hazards, reporting only the
HR may result in incorrect conclusions. Furthermore, the interpretation of survival
benefit using HRs is challenging.(Blagoev et al., 2012; Trinquart et al., 2016; Weir
et al., 2019) The HR is a relative measure and does not communicate any informa-
tion about the absolute effect, including the reference group.(Trinquart et al., 2017)
Thus, conventional methods for analyzing lifetime data may limit risk communi-
cation.

Furthermore, the HR is averaged over time, which induces differential selec-
tion bias even for randomized treatments.(Herndn, 2010) Consequently, the HR
cannot offer a causal interpretation even when adjusted for confounders. In con-
trast, the difference in RMST or RMTL estimated with IPW and the parametric g-
formula can offer causal interpretations under certain identifiability assumptions.

Thus, our approaches for the difference in RMST and RMTL using IPW and the



parametric g-formula can be used for causal inference with certain assumptions.
However, we do not make these causal assumptions in the illustrative examples in
this dissertation.

While the difference in RMST is gaining popularity and the lifetime risk of dis-
ease is frequently reported, the HR remains the default measure of association for
lifetime data. The development of new statistical methods for the RMST and life-
time risk will allow greater flexibility to address these common statistical chal-
lenges. In order to promote the application and reporting of the RMST and lifetime
risk, we are developing the tools to address statistical challenges that are already

addressed for the HR and Cox model.

1.4 INCIDENT ATRIAL FIBRILLATION

Our statistical developments are motivated by studying incident atrial fibrilla-
tion (AF) in the Framingham Heart Study. AF is the most common arrhythmia
and affects about 3-6 million Americans, a number that is expected to rise to 12-
15 million by 2050.(Misayaka et al., 2006; Benjamin et al., 2017) AF is associated
with increased risks of myocardial infarction, heart failure, stroke, dementia, and
death.(Benjamin et al., 2017) Primary and secondary prevention of AF are key. The
use of metrics such as the RMST and lifetime risk may help clinicians and patients
to communicate and understand risk. These metrics may also be helpful to clinical
practice guidelines.(Hindricks et al., 2020)

AF is subject to the competing risk of death, in which the occurrence of death
precludes observing incident AF. The overall objective of this dissertation is to im-
prove statistical methods for estimating the RMST and lifetime risk, and improve

our understanding of AF epidemiology with these new methods.



1.5 PROPOSED METHODS

In Chapter 2, we present an estimator for the adjusted restricted mean survival
time using inverse probability weighting (IPW). In Chapter 3, we show how to
estimate the restricted mean survival time while accounting for time-varying con-
founders using the parametric g-formula. In Chapter 4, we present an estimator
for the adjusted restricted mean time lost in the presence of competing risks us-
ing IPW, and a regression model estimated with IPCW. In Chapter 5, we present a

regression model for the lifetime risk using pseudo-observations.



CHAPTER 2

Adjusted restricted mean survival times

2.1 BACKGROUND

In observational studies with censored data, exposure-outcome associations are
commonly measured with adjusted HRs from multivariable Cox proportional haz-
ards models. The difference in RMSTs up to a pre-specified time point, 7, is an
alternative measure that offers a clinically meaningful interpretation.(Royston &
Parmar, 2011, 2013; Uno et al., 2014; Zhao et al., 2016) In the observational setting,
several methods have been proposed to adjust the difference in RMST for potential
confounders. The methods of Karrison (1987), Zucker (1998), and Chen & Tsiatis
(2001) invoke proportional hazards models stratified by exposure group. These
methods assume proportional hazards for the covariate effects. Other regression-
based approaches, such as Royston & Parmar (2002)’s flexible parametric model,
Andersen & Pohar Perme (2010)’s pseudo-observation model, Tian et al. (2014)’s
IPCW or ANCOVA-type model, or Diaz et al. (2018)’s targeted minimum loss
based estimation rely on regression-based models, which is inconsistent with the
model-free method of estimating RMST in the unadjusted setting, i.e. taking the
area under the survival function.

Inverse probability weighting has been previously used when estimating the
adjusted RMST. Wei (2008) first applied inverse probability weighting to the
Nelson-Aalen estimator via stratified Cox models. Schaubel & Wei (2011) and
Zhang & Schaubel (2011, 2012a,b) later advanced these methods to be doubly
robust and incorporate dependent censoring. Although the Nelson-Aalen and

Kaplan-Meier estimators are asymptotically equivalent, we focus on the Kaplan-
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Meier estimator in this chapter. Unlike many previous methods, our proposed
method does not rely on regression models to estimate the adjusted RMST; rather,
it relies on the Kaplan-Meier estimator, and is more similar to estimating RMST in
the unadjusted setting by integrating the survival function.

We introduce a new estimator of the adjusted RMST, in which we inte-
grate an adjusted Kaplan-Meier estimator with inverse probability weighting
(IPW).(Conner et al., 2019b) Then, the adjusted difference in RMSTs is the area
between the two IPW-adjusted survival functions. We also provide the variance of

the IPW adjusted difference in RMSTs.

2.2 INVERSE PROBABILITY WEIGHTED ADJUSTED DIFFERENCE IN RE-
STRICTED MEAN SURVIVAL TIMES

Let T; denote the time to event, C; denote the time to censoring, and X; = T; A
Ci. Let (X;;0;;AiZi), i = 1,---,n, denote a sample of right-censored survival
data, in which J; is the event indicator (which takes value 1 if the observed time
corresponds to an event time and 0 if right-censored), A; is the exposure group
taking valuesa =1, --- , A* for A* exposure groups, and Z; is a vector of covariates
of dimension p x 1. At time t, there are d;’ events out of Y]-” individuals at risk in
group a.

We weight subjects according to the inverse of the probability of being in their
observed exposure group.(Xie & Liu, 2005) Each subject is assigned a weight, w; =
yA %, for which 1 is the indicator function, and p = P(A; = a|Z;) can be
deterministic (i.e., survey weights) or estimated (i.e. with a logistic model). Our
methods consider the weights as fixed, but in practice we estimate weights based

on the data. Xie & Liu (2005); Fitzmaurice et al. (2012); Robins et al. (2000) The
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weights are then applied to the number of events and number at risk to obtain an
adjusted Kaplan-Meier estimator and variance which incorporates the weights. At
time ¢;, the weighted d;? and Y]fl in group a are given by d? = YiXi=; w;0;1(A; = a)

and Yf = Lix;>t; w;1(A; = a). Then, the adjusted Kaplan-Meier estimate at time

A d?
t in group a is given by S,(t) = Tt [1 - Y_]ﬂ} Xie and Liu have shown that
j
. . —— ra A dae )
the variance can be estimated by oar [S,(t)] = [Sa(t)]? Yi<t m, for which
2
Mé — Lit>t; wil(Ai:ﬁ)]
] LiTy>t; wil(Ai=a)

up to the time point T in group a is

(Xie & Liu, 2005) We show that the IPW-adjusted RMST

ulr) = [ 800 a, e8)

and the variance of the adjusted RMST can be estimated by

Zga(ti)(tH—l - ti)] —] (2.2)

Proof.

The variance of the IPW adjusted RMST, /i,(7), can be written as

Salt))
Su(tjfl)

Following the notation of Xie and Liu Xie & Liu (2005) we introduce s; =
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and §j =1— % It follows that
]

E [Sa(u)Sa(v)] = E H §~ s]

J

j:tjgu Ju<t;<

=F s]2 ] ifu<vo
E

- 115

Jitj<u ju<t;i<

= I1 (si+oarj(5)) TT s

j:tjgu j:u<t]-§v

in which E; denotes the conditional expectation given information up to time ¢},
and var; denotes the conditional variance given information up to time ;. We let
u = t, and v = t;, and have

_ _ Sa(tn1) Sa(ty) _ Sa(t) _ Sa(0)
[T si=smarsme 5 =g G55 S 055 = 5,0) ~ Salu)

]:u<t]-§v

Moreover, Xie & Liu (2005) showed that

[T (5 + o) = (5,002 TT (14520

Jiti<u Ji<

[21T>t ]2

YT, = w?

in which M; = i = . Thus,
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Following the result of Xie & Liu (2005), ML] — 0 under the condition that

max;.r,>¢.

Dotz — 0, allowing us to ignore L terms of the second order. We then obtain
Yi: Tl>t] Wi M]

the following approximation

E [$4(1)$4(0)] = Sa(u)Sa(0) = Sa(u)Sa(v)< 1 (1 + 1M_j:jf) - 1)

]'ijgu

=5,(u)S4(v) ( Y. 1]\/; Ssjj > (2.4)

]:tjgu

in which = denotes approximate equality. We plug 2.4 into 2.3 to obtain the vari-
ance of the IPW-adjusted RMST as

var{fia(t)} = /0 /0 (E [80(1)$4(0)] —Sa(u)Sa(v))dudv

T 1 — S
S CIAEREII (S wicwesy [RERAICHERY
i=01=0 jitj<u V5]
s 3 1-— Sj
= ¥ |81 =) L Sa(on) o — o) | (72 )
jiti<t Li=j 1= 5
- 2
T 1—s:;
= Y Sa(ti)(tisn — ti)] (M ]) (2.5)
jiti<t Li=j 75
Finally, we estimate Equation 2.5 by
I 1°1-3
var{flo(7)} = Z Z (tiy1— ) M.
j:f]'ST 1=] _ 1°]
- 21-(1-%
= ¥ LSt - t)| ———
jt< L) I ma-9)
]



which is 2.5.

2.3 REGRESSION-BASED METHODS

We describe two regression-based methods proposed previously to estimate the
difference in RMST adjusted for potential confounders: Tian et al. (2014)’s IPCW

model and Andersen & Pohar Perme (2010)’s pseudo-observation method.

2.3.1 Inverse probability of censoring weighted model

Tian et al. (2014) have proposed an IPCW adjusted analysis that relates the RMST
directly to an exposure of interest Z and additional covariates X, also referred to as
an ANCOVA-type model. The model is given by ji(t) = B'W; = a + B.Z; + B, X;,
for which g = («a, B2, B,) and W = (1,Z,X’). In the case of two independent
groups, exposed (Z = 1) and unexposed (Z = 0), the regression coefficient B, is
the adjusted difference in RMST between the two groups.

An estimate of p is obtained with estimating equations for RMST based on the
IPCW technique to handle censored data: S(B) = n~ 'Y} %Wi(l/i — BW;) =
0, with ¥; = min(T,, 1), A; = 1(Y; < C;), and G() the Kaplan-Meier estimator
of the censoring distribution. The asymptotic variance of B is described in the

supplementary material of Tian et al. (2014).

2.3.2 Pseudo-observation model

Andersen & Pohar Perme (2010) have proposed a pseudo-observation regression

model to assess the effects of covariates on the RMST.(Andersen et al., 2004; An-
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dersen & Perme, 2010; Andersen, 2013) Up to a time point 7, fi(7) is the esti-
mator of the RMST from the integrated Kaplan-Meier estimator based on all ob-
servations; 71(7)(~") is the leave-one-out estimator for j; based on all observa-
tions except i'" observation. The ith pseudo-observation is defined as fi;(t) =
n-f(t) — (n—1) - fi(t)"). The mean of the pseudo-observations is an estimate
of the RMST at time 7 for the complete sample. Andersen & Pohar Perme (2010)

To examine the effect of an exposure Z on the RMST, while controlling for addi-
tional covariates X, we use an uncensored generalized linear model for the pseudo-
observations given by p;(t) = B'W; = a + B.Z; + B, X;.(Andersen et al., 2004)
Again, the regression coefficient B, is the adjusted difference in RMST between
groups. An estimate of B can be obtained using generalized estimating equations:
Y (%(5’ Wi)>/ V.t (ui(t) — B'W;) = 0. The covariance matrix V; for the solution
B can be estimated by a sandwich estimator described by Andersen et al. (2004)
and Klein et al. (2008).

24 SIMULATION STUDY

We conducted Monte Carlo simulation studies to examine the statistical per-
formance of the proposed method in estimating the marginal difference in ad-
justed RMST. We compared its statistical performance to the IPCW and pseudo-
observation methods using four criteria: relative bias, mean squared error, empir-
ical coverage rate, and the relative error of the model-based standard errors with

respect to the empirical standard errors, as defined by Morris et al. (2019).
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2.4.1 Data generation process

We simulated 1,000 datasets for each scenario. We adapted a previously described
data-generating process.(Austin, 2009) For each subject, we first simulated 10 co-
variates (x; to xj9) from independent standard normal distributions. We then ran-
domly generated an exposure status, where Z = 1 denotes exposed and Z = 0 de-
notes unexposed, from a Bernoulli distribution with parameter P(Z = 1) defined
by a logistic model, logit(P(Z = 1)) = Bo + Bwx1 + BwX2 + BmX3 + BmXs + Bsxs +
Bsxe + Busx7, and we considered a range of subjects exposed and varying strengths
of association between exposure and outcome. We set the intercept B to generate a
desired proportion of exposed subjects. We set B, = log(1.25), B = log(1.5), Bs =
log(1.75), and Bys = log(2) to denote weak, moderate, strong, and very strong as-
sociations, respectively. Finally, we generated the time to event measured in years
by using a stratified Weibull regression model.(Bender et al., 2005) We first gener-
ated a linear predictor, LP = Bwxo + BmXa + BsXe + BosXy + BwXs + BmX9 + Bsx10-

Based on a random number u drawn from a uniform distribution on the inter-

val 0 to 1, we then generated the times to event as t = f1z + tp(1 — z), with
1/v 1/n
. log u . log u
t() = <_/\0ex—pLP> , and tl = <_W> . We set the Shape and scale

parameters (v1,A1) and (vp, Ag) in the exposed and unexposed groups, respec-
tively, to obtain specific time-to-event patterns. We also set B, to reflect a desired
strength of association between the exposure and the hazard of event. In this de-
sign, (x2, x4, X, X7) are associated with both the exposure and outcome and thus
are confounders. (x1, x3, x5) are associated with the exposure only, and (xg, x9, x10)

are associated with the outcome only.
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2.4.2 Scenarios

We allowed the following factors to vary: the sample size (250, 500, 1,000), the pro-
portion of exposed subjects (5%, 10%, 20%, 30%, 40%, 50%), and the exposure effect
exp(Bz) (1.25, 1.5, 2). In addition, we defined three settings for the time-to-event
patterns: proportional hazards, non-proportional hazards with crossing survival
curves, and non-proportional hazards with an early survival difference (Table 2.1).
In the early survival difference scenarios, the HR is initially large but approaches
the null value of 1 over time. The resulting survival functions are visualized in Fig-
ure A.2, and the corresponding hazard functions are available in Figure A.1. We
thus examined 54 scenarios with 1000 simulated datasets of size n=1,000, n=500,

and n=250 each.

2.4.3 Statistical analysis in simulated datasets

We pre-specified the time point T = 10 years for all analyses using the simulated
datasets. In each simulated dataset, we estimated the difference in adjusted RMST,
8;, between exposed and unexposed subjects. For the proposed method, we es-
timated the probability of being exposed using a logistic regression model of the
exposure z as a function of the 7 covariates (x1, x, x3, x4, x5, X, X7) that affect the
exposure. This allowed us to obtain adjusted Kaplan-Meier estimates of the sur-
vival function in the exposed and unexposed groups, respectively. Each adjusted
RMST was estimated by integration of the corresponding survival function up to 7.
The standard error of the difference in adjusted RMST was estimated as described
in Section 2.2.

We also used the IPCW and pseudo-observation methods as comparators. Both

RMST models included the exposure variable z and all covariates associated with
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the time to event (xy, x4, X6, X7, X3, X9, X10) through an identity link function. A key
difference between our proposed method and the regression-based methods is that

the regression-based methods can identify covariates predictive of the outcome.

2.4.4 Assessment of statistical performance

We assessed the statistical performance of each method of estimating the marginal
effect in terms relative bias, mean squared error, empirical coverage rate, and rel-
ative error of the model-based standard errors with respect to the empirical stan-
dard errors.(Morris et al., 2019) To determine the marginal difference in RMST, 6,
between exposed and unexposed subjects, we generated a dataset consisting of
1,000,000 subjects. We generated the covariates (x; to x19) and exposure z as de-
scribed previously. We generated times to event ¢ first assuming that all subjects
were unexposed. We then simulated times to event t; assuming that all subjects
were exposed. For the exposed and unexposed populations separately, we esti-
mated the RMST by integrating the Kaplan-Meier estimate of the survival func-
tion up to T and we calculated the difference in the resulting RMSTs to obtain the
marginal effect 6.

We estimated the mean difference in adjusted RMST as § = 1000 Y 10004, We
examined four performance criteria in estimating the true marginal difference in
RMST: the mean relative bias, ( 9); the mean squared error of the estimated ef-
fect, 1000 Y1000 (4; — 6)2; the empirical coverage rate, estimated as the proportion of

95% confidence intervals that covered 0; and the relative error of the model-based

standard errors (ModSE) \/ Y V(6;) with respect to the empirical standard

errors (EmpSE), \/ e y s (0; — 0), defined as MOd;Em;pSEZWSE.(Morris etal., 2019).
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2.4.5 Results

In the proportional hazard setting, our proposed method using inverse probability
weighting performed consistently across settings, with negligible bias. The gen-
erated marginal effects are presented in Table 2.2. In the proportional hazard and
non-proportional hazard with early survival difference settings, the difference in
restricted mean survival time increases as the marginal effect of exposure increases.
However, in the non-proportional hazard setting where survival curves cross, the
difference in restricted mean survival time decreases as the marginal effect of ex-

posure increases. Figure A.2 gives the survival curves under each setting.

Table 2.1: Simulation scenarios

Unexposed Exposed
Setting 10 Ao 1 AM
PH 2 0.0083 2 0.0100
Non-PH, survival curves cross 1 0.0667 15 0.0003
Non-PH, early survival difference 1 0.0100 10 0.2207

PH: proportional hazards.
v and A denote the shape and scale parameters of the Weibull distributions.

Table 2.2: Marginal differences in restricted mean survival times for
each simulation scenario

Exposure effect

Setting Weak Moderate  Very Strong
B.=log(1.25) pB,=log(1.5) P.=log(2.0)
PH -0.65 yrs. -0.96 yrs. -1.45 yrs.
Non-PH, survival curves cross 0.97 yrs. 0.74 yrs. 0.36 yrs.
Non-PH, early survival difference ~ -1.36 yrs. -1.76 yrs. -2.36 yrs.

PH: proportional hazards.
B denotes the strength of the association between the exposure and outcome.

With sample size n=1,000, the relative bias of the pseudo-observation and AN-

COVA methods increased as the proportion of exposed decreased, reaching 32%
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under weak (B,=log(1.25)) effects, 23% under moderate (B,=log(1.5)) effects, and
15% under very strong (B.=log(2.0)) effects at 5% exposure (Table 2.3, Figure A.3).
In the non-proportional hazard setting where survival curves cross, the trend in
relative bias using the pseudo-observation and ANCOVA methods was more dra-
matic: the relative bias reached 38% with weak association between exposure and
outcome, 46% with moderate association, and 88% with very strong association
at 5% exposure. In the non-proportional hazard setting with early survival differ-

ence, all methods performed similarly in terms of relative bias.



Table 2.3: Relative bias in simulation study, sample size n=1000

Proportional hazards = Non-proportional hazards, Non-proportional hazards,

curves cross early survival difference
Association Exposed, % IPW Pseudo IPCW IPW Pseudo IPCW IPW Pseudo IPCW
Weak, 0.05 0.070  0.317 0.317 -0.036 0.386 0.386 0.023  0.072 0.072
B-=log(1.25) 0.10 0.027 0273 0273 -0.027 0.282 0.282 0.011  0.090 0.090
0.20 0.026 0219 0.219 0.001 0.182 0.182 0.008  0.091 0.091
0.30 0.005 0.166 0.166 -0.006 0.089 0.089 -0.002  0.091 0.091
0.40 0.009 0.116 0.116 -0.015 0.015 0.015 -0.008 0.073 0.073
0.50 -0.009 0.040 0.040 -0.012 -0.054 -0.054 0.009  0.067 0.067
Moderate, 0.05 0.073 0.233 0.233 -0.033 0.461 0.461 0.038  0.038 0.038
B-=log(1.5) 0.10 0.020 0.217 0.217 -0.020 0.356 0.356 0.007  0.044 0.044
0.20 0.011 0.174 0.174 -0.003 0.204 0.204 0.002  0.069 0.069
0.30 0.002 0.124 0.124 0.002 0.096 0.096 0.010  0.075 0.075
0.40 0.010  0.090 0.090 -0.009 0.011 0.011 -0.002  0.067 0.067
0.50 0.015 0.046 0.046 -0.004 -0.072 -0.072 0.009  0.061 0.061
Strong, 0.05 0.045 0.150 0.150 -0.044 0.877 0.877 0.022  -0.029 -0.029
B-=log(2.0) 0.10 0.011 0.146 0.146 -0.056 0.614 0.614 0.020  0.008 0.008
0.20 0.006 0.126 0.126 0.011 0.350 0.350 -0.001  0.036 0.036
0.30 0.005 0.100 0.100 -0.032 0.120 0.120 0.010  0.050 0.050
0.40 -0.001 0.076 0.076 -0.011 -0.026 -0.026 0.004  0.055 0.055
0.50 -0.006 0.041 0.041 -0.005 -0.188 -0.188 0.000  0.053 0.053

IPW: inverse probability weighted Kaplan-Meier estimator of difference in restricted mean survival times, pseudo: pseudo-observation
model of Andersen & Pohar Perme (2010)
IPCW: inverse probability of censoring weighted model of Tian et al. (2014)

1<
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The mean squared error was similar using all methods at 50% exposure (equal
size groups) (Table 2.4, Figure A.4). However, the mean squared error increased
as the proportion of exposed decreased across all settings and methods. The mean
squared error was larger with the proposed method, as compared to the pseudo-
observation and ANCOVA methods in the non-proportional hazards with early
survival difference and proportional hazards settings, reaching 0.83 and 0.4 re-
spectively at 5% exposure. All methods performed well in terms of MSE in the

non-proportional hazards settings where survival curves cross.



Table 2.4: Mean squared error in simulation study, sample size n=1000

Proportional hazards Non-proportional hazards, Non-proportional hazards,

curves cross early survival difference
Association Exposed, % IPW DPseudo IPCW IPW Pseudo IPCW IPW Pseudo IPCW
Weak 0.05 0.375 0116 0.116 0.176  0.199 0.199 0.753  0.124 0.124

B-=log(1.25) 0.10 0176  0.084 0.084 0.111 0.119 0.119 0.369  0.096 0.096
0.20 0.092 0.058 0.058 0.056 0.065 0.065 0.191 0.075 0.075
0.30 0.058 0.042 0.042 0.045 0.038 0.038 0.114 0.064 0.064
0.40 0.049 0.032 0.032 0.048 0.032 0.032 0.093 0.059 0.059
0.50 0.052 0.030 0.030 0.053 0.033 0.033 0.078  0.056 0.056
Moderate 0.05 0376 0.128 0.128 0.211 0.180 0.180 0.826  0.110 0.110
B-=log(1.5) 0.10 0.182 0.093 0.093 0.109 0.110 0.110 0363 0.073 0.073
0.20 0.090 0.061 0.061 0.058 0.053 0.053 0.183  0.065 0.065
0.30 0.063 0.044 0.044 0.051 0.036 0.036 0.134  0.068 0.068
0.40 0.049 0.037 0.037 0.047 0.033 0.033 0.089  0.058 0.058
0.50 0.050 0.031 0.031 0.057 0.034 0.034 0.081 0.055 0.055
Strong 0.05 0405 0.113 0.113 0.238 0.159 0.159 0.765  0.100 0.100
B-=log(2.0) 0.10 0.216 0.090 0.090 0.114 0.087 0.087 0.408  0.060 0.060
0.20 0.108 0.070 0.070 0.066  0.049 0.049 0.193  0.056 0.056
0.30 0.071 0.051 0.051 0.052 0.033 0.033 0.123  0.057 0.057
0.40 0.049 0.039 0.039 0.045 0.028 0.028 0.093 0.061 0.061
0.50 0.054 0.031 0.031 0.063 0.036 0.036 0.083  0.060 0.060

IPW: inverse probability weighted Kaplan-Meier estimator of difference in restricted mean survival times, pseudo: pseudo-observation
model of Andersen & Pohar Perme (2010)
IPCW: inverse probability of censoring weighted model of Tian et al. (2014)

1974
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In most settings, the coverage of our method slightly surpassed 95% (Fig-
ure A.5). In the non-proportional hazards settings where survival curves cross, the
coverage of the pseudo-observation and IPCW methods decreased as the propor-
tion of exposed decreased, reaching 67% under weak and moderate effects. These
results were similar in the proportional hazards settings.

The patterns of the relative errors for our proposed method were consistent
with under or over coverage, where a positive relative error indicates overcov-
erage and a negative relative error indicates undercoverage (Figure A.6).Morris
et al. (2019) Morris et al suggested bias as another possible reason for under or
overcoverage, however our proposed method displayed little bias.Morris et al.
(2019) For the pseudo-observation and IPCW methods, coverage appears to im-
prove as bias decreases. However, patterns between relative errors and coverage
did not hold for the pseudo-observation and IPCW methods. We note that our
proposed method demonstrated higher relative error than the pseudo-observation
and IPCW methods in many scenarios, sometimes reaching 20%.

Finally, results followed a similar pattern when the sample size was n=500 and
n=250. The mean squared error of our proposed method increased as sample size
decreased and the proportion of exposed decreased. Figures for all results are

available in the appendix (Figures A.3-A.14).

2.5 ILLUSTRATIVE EXAMPLE: FRAMINGHAM HEART STUDY

2.5.1 Methods

We illustrate the proposed method with the Framingham coronary heart disease
(CHD) 10-year risk score model. The Framingham Heart Study is a long-term

prospective study of the etiology of cardiovascular disease in the community of
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Framingham, Massachusetts. Wilson et al. (1998) examined the association be-
tween total cholesterol and 10-year risk of CHD in the Original and Offspring Co-
horts. Participants attended either the 11th examination in the Original cohort or
the first examination in the Offspring cohort, and were free of CHD at baseline.
Participants were followed for up to 12 years for the incidence of CHD. The expo-
sure of interest was total cholesterol categorized as low (< 200 mg/dL), moderate
(200 — 239 mg/dL), and high (> 240 mg/dL). The model was adjusted for age, hy-
pertension, smoking status, diabetes, and HDL-cholesterol. Hypertension was cat-
egorized into four groups based on systolic and diastolic blood pressure, consistent
with JNC-V definitions: normal including optimal (systolic <130 mmHg and dias-
tolic <85 mmHg), high normal (systolic 130-139 mmHg or diastolic 85-89 mmHg),
hypertension stage I (systolic 140-159 mmHg or diastolic 90-99 mmHg), and hyper-
tension stages II-IV (systolic > 160 mmHg or diastolic > 100 mmHg).(Gifford Jr,
1993) Analyses were performed in men and women separately without formally
testing for interaction. Risk factors were considered significant at a 5% two-sided
level of significance. We fit the same multivariable Cox regression model for CHD,
and used the same predictors to estimate the adjusted difference in RMSTs for
CHD between total cholesterol groups.

We obtained adjusted HRs for high versus low total cholesterol and moderate
versus low total cholesterol. We further assessed the proportional hazards assump-
tion by the Grambsch-Thernau test at « = 0.10.(Grambsch & Therneau, 1994) We
also estimated differences in adjusted RMST between the cholesterol groups. We
defined T as 10 years for RMST measures, as Wilson et al predicted the 10-year
risk of CHD. We applied our proposed method, the pseudo-observation approach,
and the IPCW model to obtain the adjusted RMST. For our method, we obtained
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Figure 2.1: Examination of inverse probability weights in the Fram-
ingham Heart Study
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weights by fitting a multinomial logistic model to determine the individual pre-
dicted probabilities of being in each total cholesterol group according to the par-

ticipant profile of all other covariates.

2.5.2 Results

First, we examine the distribution of the IP weights in Figure 2.1. We do not ob-
serve any extremely large weights, and the distributions display reasonable over-
lap. The IPW adjusted Kaplan-Meier cumulative risk curves and adjusted RMSTs
by total cholesterol level obtained from our proposed method are presented in Fig-
ures 2.2 and 2.3.

The adjusted differences in RMSTs and HRs are presented in Table 2.5. In both
men and women, the adjusted HRs show that higher versus lower total cholesterol
level is associated with CHD. The HRs of moderate versus low total cholesterol

and high versus low total cholesterol were 1.3 [95% CI:1.0, 1.7] and 2.0 [95% CI:1.5,
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Figure 2.2: Adjusted Kaplan-Meier curves for coronary heart dis-
ease by total cholesterol level in men from the Framingham Heart
Study
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Figure 2.3: Adjusted Kaplan-Meier curves for coronary heart dis-
ease by total cholesterol level in women from the Framingham Heart
Study
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2.6] in men and 1.7 [95% CI:1.1, 2.6] and 2.1 [95% CI:1.4, 3.2] in women.



Table 2.5: Adjusted hazards ratios and differences in restricted mean survival times between total

cholesterol levels in the Framingham Heart Study

Men Women
Method Est. 95% CI p Est. 95% CI p
Total cholesterol, 200-239 mg/dL vs. <200 mg/dL
HR 1.34 (1.03,1.74)  0.031 1.68 (1.09,2.57) 0.018
IPW difference in RMSTs -1.58 mo. (-3.58,0.42) 0.118 1.02mo. (-0.98,3.02) 0.316
Pseudo-observation difference in RMSTs -1.57 mo. (-3.43,0.29) 0.097 -0.10mo. (-1.51,1.32) 0.888
IPCW difference in RMSTs -1.36 mo. (-3.22,0.49) 0.151 0.00mo. (-1.42,1.40) 0.998
Total cholesterol, >239 mg/dL vs. <200 mg/dL
HR 1.95 (1.49,2.56) <.001 2.06 (1.35,3.15) 0.001
IPW difference in RMSTs -3.66 mo. (-6.22,-1.10) 0.005 -0.01 mo. (-2.36,2.34) 0.994
Pseudo-observation difference in RMSTs -3.46 mo. (-5.95,-0.96) 0.006 -1.09 mo. (-2.93,0.74) 0.244
IPCW difference in RMSTs -3.07mo. (-5.56,-0.58) 0.016 -0.95mo. (-2.78,0.88) 0.309

HR: hazards ratio, IPW: inverse probability weighting, RMST: restricted mean survival time

6¢
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For both moderate versus low total cholesterol and high versus low total
cholesterol, the proportional hazards assumption was met among men (p=0.41
and p=0.68), but not among women (p=0.04 and p=0.04). This suggests that the
adjusted HRs for women should be interpreted with caution.

With our proposed method, the adjusted mean times to CHD (RMST) for low,
moderate, and high total cholesterol were 9.5, 9.4, and 9.2 years in men over a 10
year time span. In women, the adjusted mean times to CHD were 9.7, 9.7, and 9.6
years over a 10 year time span.

In men, the difference in RMSTs between moderate and low total cholesterol
was similar across the three methods suggesting a small decrease in the mean time
to CHD with an increase in total cholesterol: -1.6 months [95% CI: -3.6, 0.4] using
our proposed method, -1.6 months [95% CI: -3.4, 0.3] with the pseudo-observation
model, and -1.4 months [95% CI: -3.2, 0.5] with the [IPCW model. In women, the
difference in RMSTs was slightly different between methods but small to negligi-
ble: 1.0 months [95% CI: -1.0, 3.0] using our proposed method, -0.1 months [95%
CI: -1.5, 1.3] with the pseudo-observation model, and 0 months [95% CI: -1.4, 1.4]
with the IPCW model.

As for high versus low total cholesterol, the difference in RMSTs in men was
-3.7 months [95% CI: -6.2, -1.1] using our proposed method, -3.5 months [95% CI:
-6.0, -1.0] with the pseudo-observation method, and -3.1 months [95% CI: -5.6, -0.6]
with the IPCW model. In women, the difference in RMSTs was -0.01 months [95%
CI: -2.4, 2.3] using our proposed method, -1.1 months [95% CI: -2.9, 0.7] with the
pseudo-observation method, and -1.0 months [95% CI: -2.8, 0.9] with the IPCW
model.

Among both men and women, the differences in RMSTs between moderate and
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low total cholesterol were not significant. As for high versus low total cholesterol,
the differences in RMSTs were significant among men but not in women. However,
all adjusted HRs were significant. Whereas the adjusted HRs convey significant
relative effects, examination of the absolute effects via difference in RMSTs gives a
different picture: the mean difference in time to CHD is approximately 6 weeks in
men and negligible in women, comparing moderate to low total cholesterol. The
HRs and difference in RMSTs are consistent among men, but it appears that the

significant HRs among women may not be clinically meaningful.

2.6 DISCUSSION

We developed a method to derive adjusted RMSTs and their differences, which can
be used to measure the effect of exposures or treatments in observational studies.
In our simulation study, the proposed method had similar statistical performance
as compared to regression-based methods previously described; all methods per-
formed well in terms of relative bias, mean squared error, and coverage, but their
advantages differed by scenario. For example, our method had lower relative bias
compared to the regression-based methods in the non-proportional hazards setting
where survival curves cross. However, the regression-based methods had lower
mean squared error than our method in the non-proportional hazards with early
survival difference setting, particularly for proportions of exposure below 30%. In
our Framingham Heart Study example, all methods produced consistent RMST-
based measures in men, whereas our method differed slightly from the regression-
based methods in women.

Because observational studies must adjust for confounding factors, epidemiol-

ogists frequently use the Cox proportional hazards model or related approaches
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and typically report only adjusted hazards ratios.(Herndn, 2010) However, mea-
sures of effect based on adjusted RMST offer a different perspective. We submit
that the RMST should be reported systematically alongside hazards ratios. The
adjusted RMST is on the time scale, which provides clinicians and patients with
background information (the adjusted RMST in the unexposed group) as well as
the absolute effect of the exposure (the difference in adjusted RMST between the
exposed and unexposed groups). In the Framingham Heart Study example, the
adjusted HRs suggested that higher total cholesterol had a significant impact on
the time to CHD, with HRs ranging from 1.3 to 2.1. In contrast, the differences
in RMST between those with high versus low total cholesterol were less than 4
months in men and less than 1 month in women, over a 10 year time span. We
illustrate how the difference in RMSTs can provide a different interpretation of the
effect of cholesterol level on CHD risk. This is consistent with the recent work
of Finegold et al. (2016), which found interventions such as statins had a mean
lifespan gain of 7 months, and 95% of participants had no gain in lifespan. We
emphasize that the difference in RMSTs is truncated to a 10 year time span, and is
not to be interpreted as a gain or loss over the lifespan. Additionally, the adjusted
Kaplan-Meier curves indicate that the difference in RMSTs would continue to in-
crease with a larger time span. If the RMSTs are reported as complementary to the
HR, they would offer a tool to compare the potential of different exposures in sim-
ilar target populations.(Weir et al., 2019) This will assist researchers and clinicians
in interpreting the impact of such exposures on outcomes.

In contrast with regression-based methods, our method is consistent with the
typical RMST approach in the unadjusted framework: calculating the area below

the curve. This is congruent with the visualization offered by the adjusted Kaplan-
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Meier curves. In randomized trials, the Kaplan-Meier graph frequently comple-
ments the reported HR due to the shortcomings of the HR’s interpretation and
assumptions.(Hernan, 2010) Our approach and its implementation in R allow pro-
ducing the adjusted Kaplan Meier curves. By reporting both the adjusted Kaplan-
Meier curve and RMST, it is easier to gain a sense of an effect’s intensity because
of the time domain. Adjusted RMST-based measures bring value to interpreting
time-to-event outcomes, especially in the field of epidemiology. Additionally, ran-
domized trials commonly report unadjusted Kaplan-Meier curves alongside un-
adjusted hazards ratios, yet observational studies do not report adjusted Kaplan-
Meier curves. An advantage of our method is the visualization of the adjusted
RMST with the adjusted Kaplan-Meier curves.

In general, Kaplan-Meier curves are not feasible with continuous covariates.
Since we used adjusted Kaplan-Meier curves to calculate RMST, our method does
not allow the estimation of the effect of a continuous covariate on the RMST. If
the objective is to express the effect for a continuous covariate, one can use the
pseudo-observation method, IPCW model, or other regression-based methods.

A limitation of adjusting Kaplan-Meier curves with inverse probability weights
or propensity scores is the potential for very large or small weights.(Jackson et al.,
2017) Extreme weights typically occur when there is a rare patient profile that is fre-
quent in the adjusting population; a large weight will be assigned to this subgroup.
In consequence, the survival curve will have a large variance. Therefore, the ad-
justed RMST also will have a large standard error. There are solutions to address
extreme weights. One can stabilize weights via trimming or truncation.(Austin,
2014; Robins et al., 2000) Additionally, one can potentially improve the adequacy of

the model by using interaction terms or exploring other model types. In our anal-
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ysis, we used logistic models to estimate the propensity scores. However, there are
other many options to estimate weights. For instance, models can be fit with a pro-
bit or log link rather than a logit link, or with random forest methods. However,
the chosen derivation of the weights may make model-based assumptions.

A second limitation of our estimator is that we consider the weights to be fixed
when deriving the variance, but in practicality, the weights may be estimated from
the data. Estimating weights will introduce sampling variability, which is not ac-
counted for in the variance. To consider the weights as random and account for
the the weights being estimated from data, it is common to use adjusted sandwich
variance estimators or the bootstrap.(Fitzmaurice et al., 2012; Austin, 2016) Typi-
cally, the sandwich estimator adjusted for estimation of weights will give smaller
standard errors.(Fitzmaurice et al., 2012) Finally, Xie and Liu compared the esti-
mated variance using estimated weights with the variance estimated from Monte
Carlo simulation, and found they were comparable under various censoring sce-
narios.(Xie & Liu, 2005)

Our simulation study compared three methods of obtaining the adjusted dif-
ference in RMST, however other methods exist which were not included in our
simulation study. For example, it is possible to use piecewise exponential mod-
els, proportional hazards models, or augmented inverse-weighted Nelson-Aalen
estimators.(Karrison, 1987; Zucker, 1998; Chen & Tsiatis, 2001; Wei, 2008; Zhang &
Schaubel, 2011; Schaubel & Wei, 2011; Zhang & Schaubel, 2012a,b) Although some
approaches use proportional hazards models, they do not all assume proportional
hazards of the exposure of interest, i.e. via stratification.(Zucker, 1998; Chen &
Tsiatis, 2001; Wei, 2008; Zhang & Schaubel, 2011; Schaubel & Wei, 2011; Zhang
& Schaubel, 2012a,b) The IPCW and pseudo-observation methods do not uti-
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lize Cox proportional hazards models. Another approach is the Royston-Parmar
model that relates the log cumulative hazard function to the covariates, and in
which the log baseline cumulative hazard is modeled as a cubic spline function
of log time.(Royston & Parmar, 2013) This model can be further extended for non-
proportional hazards, by including an interaction term between the spline function
and the covariates. Future work will entail comparing these methods as well.

Finally, we note that the Kaplan-Meier estimator is asymptotically equivalent
to the Nelson-Aalen estimator. Previous works have derived the restricted mean
survival time by applying inverse probability weighting to the Nelson-Aalen es-
timator with augmentation terms to improve efficiency. Therefore, the asymp-
totic results of our proposed method are a special case of previous methods us-
ing inverse-weighted Nelson-Aalen estimators if the augmentation terms are set
to zero.(Schaubel & Wei, 2011; Zhang & Schaubel, 2011, 2012a,b)

In conclusion, our proposed method for RMST using adjusted Kaplan-Meier
curves produces results consistent with existing methods for adjusted RMST. In
addition, it is congruent with the visualization of the exposure’s effect with ad-
justed Kaplan-Meier curves. Due to the challenging interpretation of the HR and
proportional hazards assumption, we submit that the RMST should be reported
systematically alongside hazards ratios. We advocate the use of RMST-based mea-
sures because of their clinically relevant interpretations. Our method offers both
easily-interpreted summary measures and visualization of absolute effects through
adjusted Kaplan-Meier curves, which are missing from the observational litera-

ture. It also does not rely on model assumptions, such as proportional hazards.
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CHAPTER 3

Adjusted restricted mean survival time with time-varying confounding

3.1 BACKGROUND

Confounders that are also intermediate variables cannot be accounted for by us-
ing traditional statistical methods, such as the Cox proportional hazards model
with time-varying covariates. For example, body mass index (BMI) is a known,
modifiable risk factor of AF.(Alonso et al., 2013; Berkovitch et al., 2016) Most pre-
vious studies have analyzed the association between atrial fibrillation (AF) and
BMI at cohort entry, without accounting for changes in risk factors over time.
Berkovitch et al. (2016) examined change in BMI as a time-varying covariate. How-
ever, changes in BMI may also affect other vascular risk factors via cardiac remod-
eling. For instance, increasing BMI increases the risk of developing hypertension
and heart failure, both associated with increased risk of AF.(Litwin, 2010; Maha-
jan et al., 2018) Thus, vascular risk factors create time-varying confounding which
depends on past BMI; they are said to be intermediate variables.

Unlike standard statistical methods, the g-methods, i.e. the parametric g-
formula, inverse probability weighting of marginal structural models, and g-
estimation, can account for the fact that BMI history is associated with other time-
varying confounders.(Danaei et al., 2016; Taubman et al., 2009; Witteman et al.,
1998; Naimi et al., 2017; Robins, 1986) Since the Cox model cannot address this,
previous results on the association between BMI and AF may be biased. The para-
metric g-formula also allows estimation of the effect of interventions based on real-
life scenarios but applied to all individuals: for example, the difference in AF risk

had everyone been non-obese versus everyone had been obese. G-methods have
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not been applied in AF research.

Previous applications of g-methods on topics outside of AF research have
reported relative risks, risk differences, or hazard ratios to measure associa-
tions.(Taubman et al., 2009; Witteman et al., 1998; Collaboration et al., 2018; Lodi
et al., 2015; Shakiba et al., 2018; Keil et al., 2014) In this chapter, we demonstrate
the derivation of RMST when using the parametric g-formula to account for time-
varying confounding.(Conner et al., 2019a) We use the parametric g-formula to
estimate the association between hypothetical BMI interventions and the risk of
AF, as well as the difference in RMSTs (AF-free time) while accounting for time-
varying confounding in data from the Framingham Heart Study. We considered

two time horizons, T = 10 years and T = 20 years.

3.2 MOTIVATING EXAMPLE: INCIDENT ATRIAL FIBRILLATION IN THE
FRAMINGHAM HEART STUDY

We included participants from the FHS Original and Offspring cohorts who were
AF-free and attended an examination at age 50 years, plus or minus five years. Fol-
low up began at the examination closest to age 50 years. For the Original cohort,
the earliest exam to enter was Examination 11 (1968-1971) due to a shift in adjudi-
cation of AF around 1970.(Kannel et al., 1961; Staerk et al., 2017, 2018) However, we
used covariate information from Examinations 9 and 10 to include covariate his-
tory with a lag of 3 years, as described in Section 3.4.2. For the Offspring cohort,
the earliest exam to enter was Examination 2 (1979-1983) in order to incorporate
covariate history with a lag of 3 years from Examination 1, which we describe
in more detail in Section 3.4.2.(Feinleib et al., 1975) AF diagnosis, including atrial

flutter, was adjudicated by two cardiologists using examination records, medical
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records, electrocardiograms, and hospital contacts. In our analyses, follow-up con-
tinued until the earliest of first diagnosed AF, death, last FHS examination or med-
ical contact, or end of follow-up (December 31st, 2015 or 10 and 20 years since age
50 years, plus or minus five years). Our final sample consisted of 4,392 AF-free
participants.

The exposure of interest was BMI over time. We adjusted analyses on sex, base-
line age, and on the following time-varying covariates: smoking status (current
vs. former/never), systolic blood pressure (SBP), diastolic blood pressure (DBP),
antihypertensive treatment, history of diabetes, heart failure, and myocardial in-
farction. We selected these covariates in alignment with the CHARGE AF simple
risk score, and we added sex.(Alonso et al., 2013; Schnabel et al., 2009) We also

conducted analyses stratified by sex.

3.3 CONVENTIONAL APPROACHES

We first fit Cox proportional hazards models for 10 and 20 years of follow up.
We estimated hazard ratios for BMI at baseline adjusting for the aforementioned
covariates at baseline, time-varying BMI adjusting for covariates at baseline, and
time-varying BMI adjusting for time-varying covariates. BMI associations were
calculated for a 5 kg/m? decrease in BMI. Similarly, we repeated these models

with BMI dichotomized as non-obese (BMI<30 kg/m?) and obese (BMI30kg/m?).

3.4 PARAMETRIC G-FORMULA FOR THE DIFFERENCE IN RESTRICTED
MEAN SURVIVAL TIMES

To account for time-varying covariates which depend on previous BMI, we esti-

mated the associations of BMI interventions and incident AF using the paramet-
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ric g-formula method.(Witteman et al., 1998; Collaboration et al., 2018; Lodi et al.,
2015; Shakiba et al., 2018; Keil et al., 2014) This method adjusts for time-varying
covariates which depend on previous exposure by leveraging the past value of co-
variates. The method works in two steps. First, we estimated the joint density
of time-varying covariates given the covariate history through parametric models.
Second, we conducted Monte Carlo simulation to estimate the risk of incident AF
under a given BMI intervention, defined by specific BMI profiles. For example, we
simulated participants maintaining BMI below 30 kg/m? and maintaining BMI at
least 30 kg/m? over a pre-specified time period. By contrasting the counterfactual

outcomes, we estimated the association for obesity and the risk of incident AF.

3.4.1 BMI interventions of interest

We examined BMI interventions with regard to incident AF via the following com-
parisons: 1) maintaining BMI between 18.5 kg/m? and 29.9 kg/m? at all years
(non-obese) versus maintaining BMI between 30 kg/m? and 41 kg/m? at all years
(obese); 2) maintaining BMI between 18.5 kg/ m? and 29.9 kg/ m? at all years (non-
obese) versus the natural course, or the observed empirical distribution of time-
varying BMI (Logan et al., 2018); and, 3) a 10% decrease in BMI each year among in-
dividuals with 25.0 kg/m? until BMI reaches 25.0 kg/m? versus the natural course
(Table 3.1). These interventions and comparisons are fashioned to emulate real-life
weight management strategies, such as bariatric surgery or more gradual weight
management.(Abed et al., 2013; Pathak et al., 2014; Edwards et al., 2016) The inter-

ventions are maintained until the pre-specified time period, AF, or death.
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Table 3.1: BMI interventions and comparisons assessed with the g-

formula
Intervention Reference
Non-obese at all times, BMI [18.5, 29.9] Obese at all times, BMI [30, 40]
Non-obese at all times, BMI [18.5, 29.9] Natural course

10% decrease in BMI per year when BMI>=25 Natural course

3.4.2 Causal structure and covariate history

In Figure 3.1, we present a directed acyclic graph to illustrate the pathways be-
tween BMI, other covariates, and AF over time. Directed acyclic graphs are a
popular tool in epidemiology to visualize confounding and causal relationships.
Figure 3.1 illustrates the causal structure between time-varying BMI, time-varying
confounder L, and the risk of AF. Time goes from left to right, and thus BMI and

L are prior to AF; measures at time k — 1 are prior to those at time k.
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Figure 3.1: Directed acyclic graph of body mass index, other time-
varying covariates, and atrial fibrillation

AF

The directed acyclic graph displays repeated measures at years k — 1 and k. BMI} denotes the
exposure, body mass index (BMI), at year k. Ly denotes confounders at year k (for example,
systolic blood pressure). AF denotes the outcome, new-onset atrial fibrillation (AF). Arrows
indicate associations (for example, the association of BMI and incident AF). Adjustment for
intermediate variables Lj (red) in a Cox model will block the path between BMIy_1 and AF

(green), which prevents us from observing the full association. However, g-methods can
accommodate this scenario. If BMI;_; did not cause AF through Lj (the green arrows were not
present), then L, would not be an intermediate variable and adjustment for Ly would not block

the association of BMI;_1 and AF.

Arrows from one variable to another indicate that we make the assumption of
a direct causal effect from the first variable to the second (not mediated by other
variables in the graph). Adjustment for L as a time-varying covariate in a Cox
proportional hazards model would block the path between BMI;_; and subse-
quent AF, preventing one from observing the full association between BMI;,_; and
AF. However, g-methods such as the parametric g-formula can accommodate this
causal structure.

In our analyses, we incorporated the covariate history with a lag of 3 years.
At year k, the associations between BMI history (BMI_1) and L; indicate how a
participants other risk factors may be affected by his or her previous BMI at years

k — 3,k —2 and k — 1. The risk of incident AF at year k may be influenced by their
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current BMI (BMy), their BMI history (BMIy_3, BMI;_», BMI}_1), and their risk

factors (Lk_3, Lk—2/ Lk—l/ Lk)

3.4.3 Monte Carlo simulation for association of BMI interventions

For each BMI intervention described in Section 3.4.1, we used the previously es-
timated parametric models to generate a pseudo-population of size n=10,000 par-
ticipants. Beginning with the observed covariate values, we generated covariates
at each year using the estimated regression coefficients from the covariate mod-
els. Throughout the process, generated BMI values were modified to match an
assigned intervention and used in generating subsequent covariate values. For ex-
ample, if participants maintain a BMI below 30 kg/m? over time, any simulated
BMI value at or above 30.0 kg/m? is updated to 29.9 kg/m?. We give an example
of this process in Figure B.1. The risk at each time point conditional on the covari-
ate history was also estimated using the estimated regression coefficients from a
discrete hazard model, or pooled logistic model, for AF described in Section 3.2.
Using the g-formula, we first estimated hazard ratio and risk ratio at 10 and 20

years. We then derived the absolute risk difference and difference in RMST.

3.4.4 Difference in restricted mean survival times

In the absence of repeated examinations, the g-formula involves standardization

of the risk of AF for a given BMI intervention across confounder profiles X,

E{I(AF) = 1|BMI} = Y_E{I(AF,) = 1|BMI;, X;} - fx(x)

=Y P(AF, = 1|BMI, X;) - fx(x)
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However, the covariates are not fixed over time but change at each year k. There-
fore, we index on year k and must account for time-varying confounding.

To account for time-varying confounding, we first estimated the hazard of AF
each year conditional on the covariate history. We define the conditional probabil-

ity of AF for individual i at year k under a given BMI intervention,
P(AF;j41 = 1|AFx =0,BMI;y, Liy, X;)

where B M I; denotes the time-varying BMI values corresponding to the assigned
BMI intervention, L; denotes the vector of time-varying risk factors with lags, and
X; denotes time-invariant covariates (sex, age). We fit a pooled logistic model for

incident AF,

logit{ P(AF;x11 = 1|AFx =0,BMI;y, Liy, X;)}

= Bo+ (BMTI;;)'8 + LZ,;y + X a+r(t)Te (3.1)

in which L;; denotes all observed time-varying covariates at year k and r(#;) de-
notes a restricted cubic spline function for time.(Green & Symons, 1983; Cupples
et al., 1988; D’Agostino et al., 1990; Ngwa et al., 2016)

In each simulated pseudo-population, we use the estimated coefficients from
3.1 to obtain predicted conditional probabilities of AF at each time point for each

individual in the pseudo-population based on their simulated covariates,
P(AF 1 = 1|AFx = 0, BM Iy, Lij, X;)

Next, we estimate the conditional cumulative probability of being AF-free at year
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k for each individual in the pseudo-population,

S(te| BMI;y, Lij, X;) = 1 — P(AF;x = 1|BM Iy, L;, X;)
= [[ {1 —P(AF,j41 =1|AF,; =0,BMI;;, L;;, X;)}.
] t; <tk
Then, we estimate the marginal probability of being AF-free at year k under a given

BMI intervention by averaging over all individuals in the pseudo-population,

0,000
S(ty| BMI;) = 2 (ty| BM Iy, L;, X;).
10, 00 =

To estimate the adjusted RMST at T under a given BMI intervention, u(t|BMI}),
we used rectangular area approximation with equally spaced intervals by sum-

ming the survival probabilities at each year,

agle
U

i(t|BMI) = (te| BM ;) (tiy1 — te)

T
o

I
1=
[aN

(ty| BM Iy) (3.2)

=
Il
—_

where $(tg| BMI;) = 1 and tg,; = 7. We use equally spaced intervals since
the parametric g-formula assumes a discrete-time framework. Since we assumes
equally spaced intervals of one unit (year), this is simply the sum of S(t| BM I}.).

We computed the survival probabilities at one year increments in simulated
datasets without loss to follow-up. Since the examinations in Framingham Heart
Study take place every two to six years, we chose to use years as the unit of time
with one year increments; additional details on covariate measurements are ex-

plained in 3.4.5. Standard errors and 95% confidence intervals are obtained with
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the bootstrap method. The difference in RMSTs is then given from the difference in
RMSTs between under different BMI interventions, say always obese and always

non-obese, is

1(t|BMI = 1) — p(t|BMI, = 0). (3.3)

We obtained standard errors using the non-parametric bootstrap with 500 samples.

We repeated this process in 30 imputed datasets.

3.4.5 Multiple imputation of missing and annual-level data

Observational studies with varying exam cycles present a challenge when estimat-
ing the RMST with the g-formula. Framingham Heart Study participants have
clinic exams every two to eight years, where exam attendance has ranged from
55% to 84%. In addition, some covariates may be missing at an attended exam. We
used multiple imputation and linear interpolation to generate data with complete
covariate information available each year (Figure 3.2). The interpolation allows

estimating the survival probabilities at each year, and thus the RMSTs.
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Figure 3.2: Multiple imputation and interpolation process

X completely measured, A incomplete covariates, ¥ unattended exam, e covariates multiply
imputed, M covariates linearly interpolated. Examinations took place approximately every two
years in the Original cohort and every four to eight years in the Offspring. Covariates of interest
include body mass index (BMI), smoking, systolic blood pressure (SBP), diastolic blood pressure
(DBP), antihypertensive treatment, diabetes, heart failure, and myocardial infarction.

First, we performed sequential multiple imputation to impute 30 datasets, ac-
counting for temporality of covariates across successive exam cycles while re-
moving participants from the imputation process at death.(Ning et al., 2013;
Nevalainen et al., 2009; Schomaker & Heumann, 2018) We used data beginning
at Examination 9 in the Original cohort and Examination 1 in the Offspring cohort.
We imputed missing covariate values at entry examination and both missing co-
variate values and non-attended exams throughout the follow-up period. Imputed
datasets were generated within each cohort and then combined. We repeated this
process for 30 imputed datasets.

Second, we updated the yearly covariate values between exams. For contin-
uous covariates, we filled in values using linear interpolation. For dichotomous

covariates, we used midpoint interpolation to identify the year of the change in
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covariate, if any. Among participants who experienced AF or died after their
last in-clinic examination, we carried forward covariate values from the last exam
(attended or imputed) until incident AF or death. We performed analyses in
each of the 30 imputed datasets, and combined results according to Rubin’s

rule.(Schomaker & Heumann, 2018)

3.4.6 Sensitivity analyses

We performed sensitivity analyses under three different scenarios at 20 years of
follow-up. Weight loss may be due to severe illness and associated with greater
risk of morbidity, including AF.(Danaei et al., 2016; Taubman et al., 2009) Therefore,
in our first sensitivity analysis we excluded participants diagnosed with cancer at
entry exam and we censored participants upon cancer diagnosis.

In a second sensitivity analysis, we restricted to participants who attended at
least three consecutive examinations with non-missing covariates in the Original
cohort or two consecutive examinations with non-missing covariates in the Off-
spring cohort because of the need for lagged information (covariate history). We
performed sequential multiple imputation for any missing covariate values during
follow-up, as previously described.

Third, we considered a later entry age of 55 to 65 years. Finally, following a
reviewers suggestion, we fit pooled negative binomial models for the hazard of

AF instead of pooled logistic models.

3.4.7 Software

All analyses were performed in SAS 9.4. We used the GFORMULA SAS macros

and made modifications to accommodate multiple imputation and a pooled nega-
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tive binomial model.(Logan et al., 2018) To provide guidance on preparing the an-
alytic dataset and using the parametric g-formula to estimate RMST, we share our
SAS code and a working example. Our SAS program is available at github.com/s-

conner /afbmi-gformula.

3.5 RESULTS

We included 4,392 participants from the Framingham Heart Study who were AF-
free at entry, which was the examination attended closest to 50 years. We followed
participants for up to 20 years. We estimated HRs comparing time-varying non-
obese vs. obese with traditional Cox models. We then used the parametric g-
formula to compare non-obese vs. obese and 10% annual decrease in BMI (until
normal weight is reached) vs. the natural course (no intervention). With the g-
formula, we estimated HRs and differences in RMSTs, adjusted for sex, age, and

time-varying risk factors.

3.5.1 Participant characteristics

Among the 4,392 AF-free participants, 53.4% were women (Table 3.2). The mean
age at entry was 50.7 years. The mean BMI was 27.1 kg/m?, and 20.4% were obese.
The flow of participant selection is outlined in Figure B.2 in Appendix B. With a
median follow-up of 23.8 years (Q1, Q3: 16.7, 30.2), there were 847 total AF events,
with 489 in men and 358 in women. At 20 years, there were 389 total AF events,
with 259 in men and 130 in women. For brevity, we present results for 20 years of

follow-up. Results for 10 years of follow-up are available in Tables 3.3-3.5.
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Table 3.2: Characteristics of Framingham Heart Study participants
at entry (n=4,392)

Overall By sex By cohort

Men Women  Original Offspring
Risk factor n=4,392 n=2,047 n=2,345 n=841 n=3,551
Age (years) 50.7(22) 50.7(22) 50.8(2.2) 52.8(17) 50.3 (2)
Women 2,345 (53.4) - - 468 (55.6) 1,877 (52.9)
BMI (kg/m2) 271(5) 279(42) 263(5.6) 263(43) 27.2(5.1)
SBP (mm Hg) 125 (17) 128 (17) 123 (18) 132 (19) 124 (17)
DBP (mm Hg) 80 (10) 82 (10) 77 (10) 83 (11) 79 (10)
Current smoker 1,184 (29.5) 557(29.8) 627(29.3) 191 (41.4) 993 (28)
Use of hypertension medication 579 (13.2) 304 (149) 275(11.7) 75(8.9) 504 (14.2)
Diabetes 198 (5.1) 113 (6.1) 85 (4.1) 17 (2.8) 181 (5.5)
Heart failure 13 (0.3) 10 (0.5) 3(0.1) 3(0.4) 10 (0.3)
Myocardial infarction 95 (2.2) 81 (4) 14 (0.6) 25 (3.0) 70 (2.0)

Values are mean (SD) or n (%).

3.5.2 Relative measures of associations by conventional approaches and the g-

formula

At 20 years of follow-up, Cox proportional hazards models with all covariates
time-varying indicated non-obese participants had a 17% decreased hazard of AF
compared to obese participants (HR: 0.83, 95% CI: 0.72, 0.97, last row in Table 3.3).
When considering continuous BMI, on average the hazard of AF decreased by 12%
per5kg/ m? decrease in BMI (HR: 0.88, 95% CI: 0.82, 0.95, last row in Table 3.3). We
clarify that this represents a 5 kg/m? shift in BMI, and not necessarily an individ-
uals change over time. The hazard ratios comparing non-obese vs. obese changed
slightly in magnitude when adjusting for all covariates at baseline, obesity as time-
varying and other covariates at baseline, and both obesity and all covariates time-
varying. However, the analogous hazard ratios for continuous BMI were nearly
identical across models.

Using the g-formula, the hazard of AF was 27% lower had everyone been non-

obese vs. obese (HR: 0.73, 95% CI: 0.58, 0.91, row 4 of Table 3.4). The risk ratio
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Table 3.3: Hazard ratios of associations between body mass index and atrial
fibrillation estimated with conventional Cox models

Model Non-obese vs obese 5 kg/m? decrease in BMI

10 years

All covariates at baseline

0.85 (0.72, 1.00)

0.93 (0.86, 1.00)

Time-varying obesity /BMI 0.83 (0.71, 0.97) 0.90 (0.84, 0.97)
All covariates time-varying 0.82 (0.70, 0.96) 0.90 (0.84, 0.96)
20 years

All covariates at baseline 0.75 (0.63, 0.88) 0.88 (0.81, 0.95)
Time-varying obesity /BMI 0.82 (0.71, 0.95) 0.88 (0.82,0.94)
All covariates time-varying 0.83 (0.72,0.97) 0.88 (0.82, 0.95)

Data are adjusted hazard ratios and 95% confidence intervals. Cox models are adjusted for SBP,
DBP, current smoking status, use of hypertension medication, diabetes status, history of heart
failure, and history of myocardial infarction. We note that results for a 5 kg/m2 decrease in
BMI represent average results for a shift in BMI, and not necessarily an individuals change over
time. Results for time-varying obesity /BMI allowed obesity / BMI to vary over time, but all other
covariates were measured at baseline.

was similar (RR: 0.75, 95% CI: 0.63, 0.89). Comparisons of BMI interventions with
the natural course showed a small but not significant benefit in favor of the BMI
intervention. When comparing non-obese to the natural course, the hazard and
risk of AF both decreased by 8% (HR: 0.92, 95% CI: 0.78, 1.08 and RR: 0.92, 95%
CI: 0.83, 1.02, row 5 of Table 3.4). When comparing the 10% BMI decrease per year
intervention to the natural course, the hazard and risk of AF both decreased by 4%
(HR: 0.96, 95% CI: 0.86, 1.08 and RR: 0.96, 95% CI: 0.92, 1.00, row 6 of Table 3.4).

In g-formula analyses performed in subgroups by sex, hazard ratios and risk
ratios comparing non-obese and obese interventions were greater in magnitude for
men than women, though most 95% confidence intervals contained the null value
of 1 (Tables B.1 and B.2). Hazard ratios and risk ratios for the other comparisons

were similar by sex.
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Table 3.4: Relative measures of association between body mass index and atrial
fibrillation estimated with the g-formula

Hazard ratio Risk ratio

10 years

Non-obese vs. obese 0.77 (0.49,1.21) 0.77 (0.51, 1.16)
Non-obese vs. natural course 0.98 (0.70,1.39)  0.98 (0.74, 1.30)
10% decrease in BMI per year vs. natural course 1.00 (0.81,1.25) 0.99 (0.94, 1.04)
20 years

Non-obese vs. obese 0.73 (0.58,0.91) 0.75(0.63, 0.89)
Non-obese vs. natural course 0.92 (0.78,1.08) 0.92 (0.83,1.02)

10% decrease in BMI per year vs. natural course 0.96 (0.86, 1.08) 0.96 (0.92, 1.00)

Data are adjusted hazard ratios and 95% confidence intervals. Cox models are adjusted for
SBP, DBP, current smoking status, use of hypertension medication, diabetes status, history of
heart failure, and history of myocardial infarction. We note that results for a 5 kg/m?2 decrease
in BMI represent average results for a shift in BMI, and not necessarily an individuals change
over time.

3.5.3 Absolute measures of associations by the g-formula

In Table 3.5, we present the absolute measures of associations by the g-formula.
At 20 years of follow-up, the absolute risk of AF was 9.94% (95% CI: 8.48%,
11.40%) had everyone been non-obese and 13.27% had everyone been obese (95%
CI: 11.26%, 15.28%), with a difference of -3.33% (95% CI: -5.48%, -1.18%). The
mean AF-free lifetime was 19.22 years (95% CI: 19.01, 19.43) had everyone been
non-obese and 19.03 years (95% CI: 18.86, 19.20) had everyone been obese over 20
years, with a difference in RMST of 2.25 months (95% CI: -0.66, 5.16). The risk dif-
ference was significant, whereas the difference in RMSTs was not. However, the
directions of associations were consistent.

When comparing non-obese and 10% decrease in BMI per year while over-
weight interventions to the natural course, differences favored the BMI interven-
tion but were smaller in magnitude. The non-obese intervention decreased risk by

0.90 percentage points (95% CI: -1.97, 0.18) and increased mean AF-free lifetime by
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Table 3.5: Absolute measures of association between body mass index and atrial
fibrillation using parametric g-formula

Difference in risk (%)

10 years Intervention Comparator or RMST (months)

Non-obese vs. obese

Risk, % 2.69 (1.35, 4.03) 3.49 (1.97,5.02) -0.81 (-2.21, 0.59)

RMST, years 9.88 (9.79, 9.96) 9.86 (9.78,9.93) 0.24 (-0.94, 1.42)

Non-obese vs. natural course

Risk, % 2.69 (1.34, 4.04) 2.74 (1.65, 3.83) -0.05 (-0.92, 0.82)

RMST, years 9.88 (9.78,9.97) 9.88 (9.83,9.93) -0.09 (-1.00, 0.82)

10% decrease in BMI per year vs. natural course

Risk, % 2.71 (1.63, 3.79) 2.75 (1.66, 3.84) -0.04 (-0.19, 0.11)

RMST, years 9.88 (9.83, 9.93) 9.88 (9.83,9.93) 0.01 (-0.06, 0.07)
Difference in risk (%)

20 years Intervention Comparator or RMST (months)

Non-obese vs. obese

Risk, % 9.94 (8.48,11.40) 13.27 (11.26,15.28) -3.33 (-5.48, -1.18)

RMST, years 19.22 (19.01,19.43) 19.03 (18.86, 19.20) 2.25 (-0.66, 5.16)

Non-obese vs. natural course

Risk, % 9.95(8.50,11.40) 10.84 (9.73,11.96) -0.90 (-1.97, 0.18)

RMST, years 19.22(19.01,19.43) 19.20 (19.10, 19.29) 0.30 (-1.96, 2.55)

10% decrease in BMI per year vs. natural course

Risk, % 10.45 (9.31,11.60)  10.88 (9.75, 12.00) -0.43 (-0.86, 0.00)

RMST, years 19.21 (19.12,19.31) 19.19 (19.10, 19.29) 0.23 (-0.11, 0.57)

Numbers are estimates and 95% confidence intervals, obtained with 500 bootstrap samples. Anal-
yses are adjusted for SBP, DBP, current smoking status, use of hypertension medication, diabetes
status, history of heart failure, and history of myocardial infarction.
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0.30 months (95% CI: -1.96, 2.55), whereas the 10% decrease in BMI per year while
overweight intervention decreased risk by 0.43 percentage points (95% CI: -0.86,
0.00) and increased AF-free lifetime by 0.23 months (95% CI: -0.11, 0.57). Figure
3.3 depicts the g-formula Kaplan-Meier curves over 20 years for all intervention

comparisons.
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Figure 3.3: G-formula survival probabilities for cumulative risk of
atrial fibrillation comparing simulated obese and non-obese popula-
tions

In analyses stratified by sex, the magnitude of association was again greater
in men than women (Tables B.1 and B.2). The risk difference was -3.30% (95%
CI: -6.89%, 0.30%) in men and -2.69% (95% CI: -5.37, -0.02%) in women, while the
gain in mean AF-free lifetime over 20 years between non-obese and obese was 1.89
months (95% CI: -3.67, 7.44) in men and 1.19 months (95% CI: -2.34, 4.71) in women.
Risks and mean AF-free lifetimes were similar between the non-obese interven-
tion, 10% BMI decrease per year intervention, and the natural course. Though
the measures of association were close to the null value, the direction of risk dif-
ferences and differences in RMSTs disagreed when comparing non-obese to the

natural course in both men and women. In Figure B.3 of the Appendix, we plot
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the Kaplan-Meier curves for men and women to illustrate how measures of as-
sociation may disagree when curves cross or overlap. In this case, the difference
in cumulative risks is a point estimate at 20 years, while the difference in RMSTs

reflects the entire time horizon from 0 to 20 years.

3.5.4 Sensitivity analyses

In additional sensitivity analyses, results were overall similar to our main find-
ings. In cancer-free participants (1,825 men and 2,045 women), both relative and
absolute associations were consistent with original analyses (Table B.3). For the
complete-case setting (70.6% participants), 155 Original cohort participants (18.4%)
and 2,947 Offspring cohort participants (83.0%) had complete information at entry
and lagged exams. When comparing non-obese vs. obese, all associations at 20
years were consistent with our main approach but slightly greater in magnitude
while comparisons of 10% decrease in BMI per year to the natural course were
nearly identical (Table B.4). Non-obese vs. natural course associations disagreed
in direction, though very small and close to the null. Our sensitivity analysis ex-
amining entry at age 60 years, plus or minus five years, included 3,350 women
and 2,799 men. Both relative and absolute measures of association were similar to
our main analyses but slightly smaller in magnitude (Table B.5). Under all inter-
ventions, AF risks were higher while mean AF-free lifetimes were lower (20.65%
and 18.33 years under the natural course, Table B.5). Finally, when fitting pooled
negative binomial models instead of pooled logistic models for the hazard of AF,

results were nearly identical (Table B.6).
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3.6 DISCUSSION

In summary, we found that decreased BMI was associated with lower rate of AF
in men and women after accounting for time-varying covariates which depend on
previous BMI when using varying measurse of association (RMST difference, risk
difference, risk ratio, and hazards ratio). We demonstrated how g-methods can
account for time-varying covariates which are also intermediate variables, unlike
conventional statistical methods.

If a variable is associated with both the exposure and outcome, the associ-
ation between exposure and outcome may be biased unless confounding is ad-
dressed. In longitudinal studies, confounding is commonly addressed by adjust-
ing for time-varying covariates. However, if a time-varying covariate is also an
intermediate variable between exposure and outcome, it gives rise to time-varying
confounding. Adjustment for the time-varying covariate with traditional meth-
ods will preclude observing the full association between exposure and outcome,
leading to biased estimates, and statistical methods like the g-methods are needed.

Time-varying confounding may commonly occur in longitudinal cardiovascu-
lar studies with repeated measurements of risk factors over time. For example,
when studying the association of isolated systolic hypertension and cardiovas-
cular death, one would account for confounding by adjusting for arterial rigid-
ity.(Witteman et al., 1998) However, isolated systolic hypertension may lead to
arterial rigidity, which in turn leads to negative health outcomes. The associa-
tion between isolated systolic hypertension and cardiovascular death may be due
to increased arterial rigidity that developed in between, induced by hypertension.
Therefore, standard adjustment for arterial rigidity would block the association be-

tween isolated systolic hypertension and cardiovascular death. Instead, g-methods
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like the g-formula studied here can address time-varying confounding.

In this paper, we quantified the association both on the relative scale and on
the absolute scale. Similar to prior works, we observed large associations on the
relative scale when comparing non-obese and obese interventions. However, as-
sociations on the absolute scale provide important context since the absolute risk
of AF in individuals 45 to 55 years of age are relatively small at 10 and 20 years of
follow-up (2.74% and 10.84% under the natural course, Table 3.5).

Using the g-formula, we observed a decrease in AF risk and a gain in mean
AF-free lifetime if participants had been non-obese compared to obese, which is
consistent with the literature.(Wang et al., 2004; Abed et al., 2013) The magnitude
of this difference was larger at 20 years than 10 years. However, contrasts of non-
obese and 10% decrease in BMI per year to the natural course yielded weaker
associations. The smaller magnitude is somewhat expected due to the different
reference group between comparisons: the first comparison contrasted maximally
different groups, while the second and third comparisons contrasted groups that
were relatively more similar.

While conventional Cox proportional hazards models can accommodate time-
dependent covariates, they do not permit time-dependent confounders which de-
pend on BMI history. Therefore, the parametric g-formula allows us to examine a
different contrast of interest, i.e. the difference in mean-time free of AF had partic-
ipants been obese vs. non-obese over 20 years. In fact, allowing covariates to vary
over time when they are actually mediated by the exposure of interest can prevent
observing the association between exposure and outcome (Figure 3.1). Overall,
hazard ratios estimated with the g-formula comparing non-obese vs. obese were

greater in magnitude than hazard ratios estimated with the Cox model. In fact, at
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20 years, the Cox hazard ratio with all covariates and obesity measured at baseline
was closer in magnitude to the g-formula estimate, while including covariates as
time-varying reduced the magnitude. This is likely due to the covariates role as
intermediate variables between obesity and incident AF: the causal pathway be-
tween obesity and AF is blocked when adjusting for the intermediate covariates
(Figure 3.1). However, we note that the Cox model and g-formula hazard ratio
do not measure the same thing: the Cox model compares non-obese vs. obese in-
dividuals, while the g-formula compares everyone had they been non-obese vs.
everyone had they been obese. Additionally, we simulated non-obese as 18.5 to
25.0 in BMI and obese as 30 to 41 in BMI to avoid BMIs out of range in our sample.

Many studies have demonstrated that obesity is an AF risk factor.(Alonso et al.,
2013; Berkovitch et al., 2016; Frost et al., 2014; Khan et al., 2018; Magnani et al.,
2013; Norby et al., 2016; Rahman et al., 2016; Rosengren et al., 2009; Wang et al.,
2004; Wong et al., 2015; Aune et al., 2017) We fit conventional Cox proportional
hazards models, with and without time-varying covariates, to demonstrate that
our data produces results consistent with the literature. Conventional hazard ra-
tios estimated with Cox models with all risk factors measured at baseline were
fairly consistent with the literature. In large meta-analyses of 51 and 25 studies,
respectively, Wong et al. (2015) and Aune et al. (2017) demonstrated that increases
in BMI were associated with increased risk of AF. Wong et al reported a 19% to 29%
increase in AF odds per 5 kg/m? increase in BMI, while Aune et al reported a 28%
increase in AF risk. Both of these results are greater in magnitude than the HRs we
report at 20 years of follow-up (14% increase in hazard considering all risk factors
at baseline, Table 3.3). However, our results were similar in magnitude to Schnabel

et al. (2009)s findings in the Cardiovascular Health Study white sub-population
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(14% increase in AF odds per 5 kg/m? increase in BMI), which may be comparable
to FHS participants.

While obesity is a known risk factor for AF, our results were sometimes small
on the absolute scale. Similar findings exist in the literature. For instance, in a
large randomized trial of overweight and obese individuals with type 2 diabetes,
the Look AHEAD (Action for Health in Diabetes) Study found rates of AF were
not affected by a lifestyle intervention which included weight loss.(Alonso et al.,
2015) However, the weight loss of the intervention was modest (6.0% mean weight
loss from baseline). Additionally, in the Swedish Obese Subjects (SOS) matched
cohort study, the risk of new-onset AF over a median follow-up of 19 years was
12.4% among those who underwent bariatric surgery vs. 16.8% among matched
referents in usual care.(Jamaly et al., 2016) However, matching was imperfect in
this study.

Differences in RMSTs have an appealing interpretation, and provide a magni-
tude of association which relative measures, such as the hazard ratio and risk ratio,
cannot provide. An advantage of a measure in the time domain is the ease in in-
terpretation. Unlike the hazard ratio, the difference in RMSTs does not depend on
the proportional hazards assumption. The median survival time is an alternative
measure, but cannot be estimated if the survival probability never decreases to 0.5
in the time horizon, which is common in cardiovascular outcomes. In our data,
the median AF-free survival time cannot be estimated as the probability of AF-free
survival never decreases to 0.5 over 20 years. However, the restricted mean sur-
vival time can always be estimated. To our knowledge, the difference in RMSTs
using g-formula methods has only been reported once.(Lodi et al., 2015) Some pre-

vious applications of the parametric g-formula assessed examination cycles with



59

approximately equal intervals.(Danaei et al., 2016; Taubman et al., 2009; Witteman
et al., 1998; Jain et al., 2016; Lajous et al., 2013; Ueda et al., 2018; Vangen-Lonne
et al., 2018; Nascimento et al., 2017; Garcia-Aymerich et al., 2014; Danaei et al.,
2013)

There are several limitations to our findings. First, we do not know reasons
for weight loss in FHS participants and major weight loss is observed infrequently.
Previous trajectory analyses in FHS and the Atherosclerosis Risk in Communities
(ARIC) study have identified relatively flat longitudinal patterns in weight.(Norby
etal., 2016; Rahman et al., 2016) Although we measure weight, variations in weight
over time could be due to many reasons, including severe illness. However, a sen-
sitivity analysis restricted to cancer-free participants showed consistent findings.
Weight loss can occur with aging, yet AF typically occurs in older ages.

Second, our statistical methods make several assumptions. Since we in-
cluded seven time-dependent confounders measured at examinations, our analytic
dataset was fairly high dimensional and prone to missingness, which motivated
our decision to perform multiple imputation. We chose sequential multiple impu-
tation in order to capture the longitudinal nature of the data and exclude partici-
pants after death.(Ning et al., 2013) Multiple imputation may not be appropriate
if our data were missing not at random. Additionally, while time intervals should
be approximately equal in a pooled logistic model, they must be equal in order to
calculate the restricted mean survival time. However, FHS examinations are not
equally spaced across participants. We chose linear interpolation to obtain covari-
ate values at the yearly level, which assumes that covariate values change linearly
between examinations.(Genolini et al., 2016) In addition, methods for causal infer-

ence including the parametric g-formula assume consistency, and in consequence
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exchangeability (lack of confounding) and positivity (positive conditional proba-
bility of exposure), in order to make causal inference.(Robins et al., 2000; Herndn &
Taubman, 2008) Consistency requires that interventions be well-defined, and does
not typically hold for interventions based on BMI measurements. This is because
we do not know the underlying reasons for BMI changes in FHS participants. We
also do not account for the semi-competing risk of death, in which death may pre-
clude incident AF.

Finally, the FHS participants are mostly of European ancestry, therefore our
results may not be generalizable to all populations.

In conclusion, decreased BMI was associated with lower rate of new-onset
AF after accounting for time-varying covariates which depend on previous BMI,
which conventional approaches cannot do. The parametric g-formula is a flexible
method to account for time-varying covariates which are also intermediate vari-
ables, which may commonly occur when assessing vascular risk factors. Further-
more, we illustrate how to derive and interpret absolute measures of association,
including the difference in RMST. Absolute measures of association offer addi-
tional insight into the data and can improve our understanding of associations.

Directed acyclic graphs allow visualizing pathways between exposures, other
covariates, and outcomes. Directed acyclic graphs can also help identifying time-
varying confounding. Unlike Cox models, g-methods such as the parametric g-
formula, marginal structural models with inverse probability weighting, and g-
estimation, can adjust for time-dependent confounding (if any) when analyzing
data from longitudinal cardiovascular studies. Marginal structural models can be
used to assess fixed interventions, while the g-formula can also be used to assess

dynamic interventions.(Bodnar et al., 2004) SAS macros and R functions are readily
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available to implement these methods. Furthermore, we recommend the reporting
of absolute measures of association, such as the difference in absolute risk and

RMST, to give additional context to relative measures of association.
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CHAPTER 4

Adjusted restricted mean times lost with competing risks

4.1 BACKGROUND

Competing risks data arise commonly in biomedical research when time to death
from a specific disease may be of interest, but individuals can die from other
causes. Similarly, semi-competing risks occur when the time to a non-terminal
event is of interest but its observation is subject to a terminal event. Incidence of a
competing event precludes observation of the event of interest, making it impos-
sible to occur. In contrast, in the presence of censoring, an event can still occur
but the follow-up time is not completely observed. In this context, between-group
comparisons for a specific event have been studied using the cumulative incidence,
cause-specific hazard, or subdistribution hazard.(Gray, 1988; Fine & Gray, 1999;
Kulathinal & Gasbarra, 2002)

In the presence of competing risks, the difference in RMST is inadequate be-
cause it does not distinguish between event types, and the competing event is
considered censored. Andersen (2013) and Zhao et al. (2018) proposed to mea-
sure the difference in restricted mean times lost (RMTL). With a single cause of
failure, RMTL is equal to T minus RMST. With competing risks, the RMTL is the
area under the cause-specific cumulative incidence function. As a consequence,
the difference in RMTL can be interpreted as the increase or decrease in lost life
expectancy due to a specific cause of death or, in the case of a non-fatal outcome,
the mean difference in disease-free time, up to time 7.

Methods for inference on the difference in RMTL with competing risks data

and adjustment for covariates are scarce. Andersen (2013) described a generalized
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linear model for the cause-specific RMTL using the pseudo-observation technique.
In this chapter, we propose an IPW-adjusted estimator of the difference in cause-
specific RMTL. We also present a regression model for the RMTL conditional on
covariates estimated with inverse probability of censoring weighting (IPCW).

In Section 4.2, we discuss estimation of the difference in cause-specific RMTL,
without adjustment for covariates. In Section 4.3, we present estimation of the
marginal RMTL adjusted for covariates with IPW and its variance. In Sections 4.4,
we describe an IPCW regression model for RMTL conditional on covariates. In
Section 4.5, we present two simulation studies to assess the finite sample perfor-
mance of the IPW estimator and the IPCW regression model. In Section 4.6, we
apply the proposed methods to incident AF and cause-specific mortality after AF

with data from the Framingham Heart Study.

4.2 DIFFERENCE IN CAUSE-SPECIFIC RESTRICTED MEAN TIMES LOST

Without loss of generality, we consider the case of a terminal or non-terminal event
of interest € = 1, whose occurrence is subject to a competing event € = 2. Our
notations extend to scenarios with k events. Let T be the time to event, C be the
censoring time, X = T A C be the observed time to event, and § = I(T < C) be
an indicator of non-censoring. We assume that C is independent of T. We observe
(X;, i€;) for individualsi =1, ...,n.

The cumulative incidence function for the event of interest is defined as F; (t) =
P(T < te=1) fo u)du where S(t) = exp(— fo ) is the over-
all survival function, txk(u) is the cause-specific hazard function for event k, and

= [o {m1(t) + ap(t)}dt is the cumulative all-cause hazard function. Let

R = T A T be the restricted time to event. We define the cause-specific RMTL,
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v1(T), as the area under the cause-specific cumulative incidence function up to
timepoint 7.

Here, we show that v1(t) = E [(t — R) - I(e = 1)] is the area under the cause-
specific cumulative incidence function, or cause-specific restricted mean time lost
(RMTL). While we cannot take the expectation of the subdistribution failure time,

T -I(e = 1), we can find the expectation of the random variable R - I(e = 1),

E[R-I(e = 1)] = /0T1 _R(Hdt =T /OTPl(t)dt,

which is the time alive and free of cause 1, but still includes the expected time lost
to cause 2. To isolate the time lost due to cause 1, v1(T), we take the expectation of

(T=R)-I(e =1),

E[(t—R)-I(e=1)]=E[(t—R)-I(e=1)|T<7]-P(T<71)
+E[(t—R)-I(e=1)|T > 7]-P(T > 1)

=E[(t—T) - I(e=1)|T<71]-P(T<T7)

Since P(t—T < te =1) = 1-F(t—t)and fi(t) = L1 —F(t—t)) =
fi(t—1),

E[(t—R)- / 5T flr—t)dt P(T < 1)

:/0 Tfl(r—t)dt—/oTTfl(T—t)dt.
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By integration by parts, it follows that

E[(t—R)-I(e =1)] = 7 (F1(0) — Fi(1)) — <TF1(O) — TR (1) — /OT Fl(t)dt)
_ /0 Fy(f)dt

= 11(7).

This relationship can be extended to the cause-specific RMTL conditional on co-
variates Z*.
We estimate the RMTL by integrating the Aalen-Johansen estimator of the cu-

mulative incidence function
T A
91(7) = / By (H)dt. 4.1)
0

We approximate Equation (4.1) with Riemann sums, 71 (1) = s oty — ) B ()
where tj:ty,..., tpare the ordered, unique event times prior to T and tpy; = 7.
Let N¢(f) = Y1 I(X; < t)d;I(e; = k) be the number of events of cause k by
time t, N(t) = Nj(t) + Ny(f) the total number of events by time t, AN (t) the in-
crement Ni(t) — Nx(t—), and Y(t) = Y' ; I(X; > t) the number at risk just before
t. Let 5(t) be the Kaplan Meier estimator of being alive and event-free at time ¢,
S(t) = _ AN() A1) = &(t. )2l L
S(t) = [T <t (1 Y ), and 0(t;) = S(tj_1) Y - The cumulative incidence
function is then estimated by the Aalen-Johansen estimator Fi(t) = Li<t é(tj),

where ¢; are the unique event times. (Aalen & Johansen, 1978) The variance and

covariance for the cumulative incidence function are estimated using Greenwood’s
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formula (Dinse & Larson, 1986; Gaynor et al., 1993),

var (B(1) = Y var (0(t) +2 ). Y. cov (B(t), (1))

ti<t fi<tt;<tp<t

and

A A

cov (Fi(t), Fi(u)) =var (Fi(t)) + Y. Y cov (8(t),0(t)) fort <u,

t]‘gf t<tk§1/l

where

(5 TYRY: Y(i’]')—ANl(tj) AN(tl)
var (0(t;)) = (0(t))) ( AN (t)Y (t)) +tl<zt]- Y(tl)(Y(tl)—AN(tz)))

and
" AL\ N(tz)
cov (0(t;),0(t;)) = 0(t;)0(t ———I—
for t; < t;. Then, the variance of the cause-specific RMTL is
var (1?1 (T)) = 2 (t]qu — t]')z\ﬁa\l' (ﬁl(t]))
ti<t
+2 Y Y (ti1 — 1)) (tes1 — to)cov (Bi(t), B (k) -
H<T be<t;

With two groups defined by A = 1 and A = 0, the difference in cause-
specific RMTL is given by § = 7(7|A = 1) — #1(t|A = 0), with variance
var (0) = var{0(t|A =1)} + var{t (t|A =0)}.

With a single group, the timepoint T should be less than or equal to the greatest

observed time, T < max(X;), and may be chosen clinically or empirically, e.g. the
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95th percentile of observed times or the maximum observed time, max(X;), which
approximates inf{P(C > 1) = 0}. (Tian et al., 2020) When taking the difference
in RMTL between groups, T should be less than or equal to the minimum of the
largest event time across groups, T < min{max(X;|4; = 1), max(X;|A; = 0)}.
Tian et al. (2020) demonstrated that max(X;) may be an inappropriate choice for T
if nearby observed times are sparse, as evidenced by a flat tail in the cumulative

incidence curve, and should be chosen with caution.

4.3 ADJUSTED DIFFERENCE IN CAUSE-SPECIFIC RESTRICTED MEAN
TIMES LOST

In observational studies, we must adjust for covariates. Here we demonstrate how
to estimate the between-group difference in cause-specific RMTL adjusted for co-
variates. We extend Equation (4.1) by considering the area under the cumulative
incidence function adjusted for covariates with IPW.

We again consider two groups defined by A = 1 and A = 0. Let Z denote a

n X p matrix of covariates and p;, = P(A; = a|Z;). So p; is the propensity score

I(A;=1) |, I(A;=0)
pil + 1-pa -

for exposure. The inverse probability weight is defined as w; =
Then, the IPW Aalen-Johansen estimator of the cumulative incidence function is

given by

AN (t))
Y (t7)

where 01V (t;) = SIV(t;_1) SNV = Tiacawi - I(X: < 0)o1(e; = k) is
the weighted number of events of cause k in exposure group A = a, AN}V (t) =
NY(t) — NJV(t—) is the increment in weighted events in group a, Y}¥(t) =

Yia—awi-I(X; > t) is the weighted number at risk in exposure group a, and
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Wit, Wit
S (t) = [T < (1 — AN“(%,ZA:IZ”(” )> is the weighted overall survival function for

being alive and event-free in group a. (Cole et al., 2015, Neumann & Billionnet,
2016) We define the estimated variance and covariance of the IPW Aalen-Johansen

estimator as

var{FV(t{A = a)} = Y var{6WV (1)} +2 Y Y cov{ol (1), 61 (t)}

t]'gi' t]‘<i’ t]'<i'k§t

and

cOV{EV (1), EV ()} =var{FV ()} + Y Y cov{6lV(t), 60 (1)} fort <u

tjgt t<tk§u

where

o B Y/ (1) — AN (1) AN ()
var (60 (1)} = {6 (1))} { MLGDBNI ), M ) - AN “l”}

and

) A A A 14
Cév{égv(tj),egv(tk)} = 0" (403" (1) {M;(t]ﬁ L Ma(tl)(YaVAVZ(\Z)(iI)ANXV (tz))}

i’l<f]‘

w 2
for t; < ty, My(tj) = %, and assuming 1/ M,(t;) P, 0 .(Choi et al., 2019)
>t

it
We estimate the RMTL in exposure group a by integrating the inverse proba-

bility weighted cumulative incidence function

= /0 ' EV(t)dt. (4.2)

We approximate Equation (4.2) as 9]" (1) = Xt ~o(tis1 — t;)EY (t}). We estimate
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the variance of the IPW estimator of the RMTL in exposure group a by

t]'<T
+2 Y0 Y (t1 — ) (fesr — t)cov {ﬁfg(t,.),ﬁg(tk)}. (4.3)
t]'<Tfk<t]‘

Then, the adjusted difference in RMTL between exposure groups A =land A =0
is

(SW

with variance
var (5W) = var {oﬁ(r)} + var {ﬁlvfo(r)}
assuming the weights are known. In practice, we estimate the propensity score p;,

and plug p;, into the quantities introduced above.

4.4 INVERSE PROBABILITY OF CENSORING WEIGHTED GENERALIZED
LINEAR MODEL FOR THE RESTRICTED MEAN TIME LOST

We describe an IPCW regression model to assess associations between covari-
ates and the cause-specific RMTL.(Tian et al., 2014) Let 6 = I(R < C) and
Z* = (1,A,Z) denote the n x (p + 2) matrix of predictors allowing an inter-
cept term. We can model the RMTL for event ¢ = 1 with a generalized linear
model, g{v1(7)|2}} = g[E{(t — Ry) * I(e; = 1)|Z}}] = Z7B with link func-
tion g(-). Model coefficients 3 represent differences in cause-specific RMTL when
using the identity link, and log ratios of cause-specific RMTL when using the
log link. Tian et al. (2014) also suggested a logit-like link function, ¢{v1(7)} =
log[v1(T)/{t — v1(7)}], which restricts the predicted RMTL to (0, 7).
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Coefficients are estimated with the IPCW technique by solving the weighted

estimating equation,

U(g) = SZH{(T—R) e =1)—g ' (Z}B)} =0 (44

~

where G(t) is the Kaplan-Meier estimator of the non-censoring distribution G(t).
The outcome for each uncensored individual is either T — R; or 0 due to the event
type indicator, I(e; = 1); essentially, individuals with a competing event do not
lose any time to cause 1. The non-censoring indicator §; equals 0 for censored
observations and 1 for uncensored observations; thus, censored observations have
a weight of 0 and do not contribute to the estimating equation. However, the
censoring distribution G(t) is estimated from the sample of all individuals.

We show that the IPCW estimating equation is unbiased. In the generalized lin-
ear model, we assume E [(T — R) - I(e = 1)|Z2*] = ¢~'(BZ*). Following the con-
ditional expectation arguments of Bang & Tsiatis (2002) and Scheike et al. (2008),

we have

g (lé G(ééi)zf{(T —R)-I(e; =1) - g (BZ)} Zf)

—nZ*EE %{(T—R)-I(ezl)—g1(,8Z*)}R,Z*,e] z*)
E[ER,Z*,e}
—n2E | (TR K= 1)~ g (927) 2"
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It follows that

E(E ):o.

Since G(t) is unknown, we propose estimating G(t) by the Kaplan-Meier estimator

51’ * _ - *
Ry 2T R) e =1) — g N (Z]P)}

n

)

—

z;

Q

~

G(t) and solving the following equation to estimate 3,

(51;1') ZH{(t—Ry)-1(e=1) —g ' (Z;B)} = 0.

oy

n
i=1

In Appendix C, we show the estimated coefficients 3 are asymptotically nor-
mally distributed with covariance matrix estimated by the sandwich estimator

var(8) = A"1BA~1 where
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4.5 SIMULATION STUDY

We conducted Monte Carlo simulation studies to assess the performance of the
IPW method in estimating the marginal difference in RMTL between exposure
groups in the presence of covariates, and the IPCW regression method in estimat-
ing the difference in RMTL conditional on covariates. We generated data with pro-
portional and non-proportional subdistribution hazards (crossing cumulative inci-
dence functions). (Fine & Gray, 1999; Li et al., 2015; Zhou et al., 2013) We estimated
the mean bias, mean relative bias, root mean squared error, relative standard error
(SE), and empirical coverage rate of both methods. We define the relative standard

error as the ratio of the mean estimated SE and the Monte Carlo empirical SE.

4.5.1 Inverse probability weighted adjusted difference in restricted mean time

lost
4.5.1.1 Data generation

We first generated 5 independent covariates Z = (Zy, Zy, Z3, Z4, Z5), each N'(0, 1).
Then we generated the binary exposure, A, from a Bernoulli distribution with
p = expit(Z'a), where a@ = (ap,In(0.7),In(0.6),1n(0.5),In(0.9),In(0.8))” and
Z' = (1, Z). We set the intercept ag to allow 25% and 50% exposure.

To generate event times, we let the baseline subdistribution hazard func-
tion Ag(t) = yexp(pt) follow a Gompertz distribution. We then defined the
subdistribution hazard function as A1(t; Z) = Aqg(t) exp{Z11 + Zpat}, where
Z = (A Z2), 1 = {$11,In(0.9),In(0.8),In(0.7),In(0.6),In(0.5)}7, and v =
(421,0,0,0,0,0)T, in which ¢y; is the main effect of A and ¢, is the time-

varying effect of A. We then defined the cumulative incidence function for event
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e =lasF(Z) = P(T < te=1|Z) = 1—exp|[— fot’yexp{Zzpl + Zsig +
ps}ds], and the cumulative incidence function for event ¢ = 2 is F(t;Z) =
P(T < te = 2|Z) = exp {%jﬁl)} [1 — exp{—texp(Zs3)}], where 3 =
{In(0.67),In(0.5),In(0.6),1n(0.7),1n(0.8),In(0.9)}T is the vector of effects for Z on
the subdistribution hazard of event 2.

We assigned the event type by generating a Bernoulli variable with probabil-
ity P(e = 1]1Z) = 1 —exp {%ﬁlﬁl)} where Zp2 + p < 0, which is the limit
of Fi(t; Z) with respect to t. We generate the event times by simulating a random
variable U ~ Uniform(0, 1) and determining the inverse of the conditional cumu-
lative incidence function with respect to t. We generate event times from the re-
spective conditional cumulative incidence functions: for evente =1, P(T < t|e =
1,Z) = (1 —exp[— fot'yexp{Zzpl + Zsg + ps}ds]) / [1 — exp {%jjﬁl)}],
and for evente =2, P(T < tle =2,Z) =1 —exp{—texp(Z13)}.

We applied independent right-censoring by generating censoring times C ~
Uniform(0, ¢), where the parameter ¢ was chosen to yield mild and heavy right

censoring (10% and 25% proportion of individuals). Then, we determined if the

event time was censored, 6 = I(T < C), and the final observed event type, J - €.

4.5.1.2 Scenarios and true values

We considered both proportional, (7, p, 11, ¥21) = (1.2,—1.5,-0.3,0), and non-
proportional, (v,p,¥11,¥21) = (1.5,—1.5,0.5,—2) subdistribution hazards set-
tings. In total, there were 16 unique scenarios, with varying censoring (10%, 25%),
proportion of exposure (25%, 50%), pattern of cumulative incidence functions (pro-
portional vs. non-proportional subdistribution hazards), and sample size (500,

1,000). We generated 6,000 datasets for each scenario.
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We determined the true marginal difference in RMTL at T = 365 days by gen-
erating Z for a sample of size n = 1,000,000. (Austin & Fine, 2019) We first set
everyone to be exposed (A = 1), and generated the event type and corresponding
event time as described in 4.5.1.1. Then, we repeated the process where everyone
was unexposed (A = 0), yielding two event sets of outcomes per person (event
type and time). The true marginal difference in RMTL for evente = 1l at 7 =1
year is the unadjusted difference in RMTL for evente = 1 when A = 1and A = 0;
it was equal to -22.63 days for the proportional subdistribution hazards setting
(small, protective effect) and 8.03 days for the non-proportional subdistribution
hazards setting (very small, harmful effect). The true cumulative incidence func-

tions are depicted in Figure 4.1.
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Figure 4.1: True cumulative incidence functions in simulation study
of IPW estimator.

To apply the IPW method, we first derived the weights by estimating the prob-
ability of exposure with a logistic regression model, logit{ P(A = 1|Z")} = Z'a.
We then estimated the IPW-adjusted RMTL in each exposure group, A = 1 and
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A = 0, and the adjusted difference between groups.

4.5.1.3 Results

Overall, the IPW-estimator demonstrated little bias in all settings (Table 4.1). The
bias was slightly greater in the presence of nonproportional subdistribution haz-
ards in scenarios with smaller sample size (n = 500). The mean squared error
was smaller in scenarios with larger sample size (n = 1,000) and equal exposure
groups (50% exposed). The coverage proportion of 95% confidence intervals was
greater than the nominal value, indicating that the confidence intervals tend to be
conservative. The coverage proportion was sometimes slightly better in scenarios
with balanced exposure groups (50% exposed) compared to settings with unbal-
anced exposure groups (25% exposed). The relative SE was greater than 1 in all
scenarios, which indicates that the estimated SE was greater than the Monte Carlo

empirical SE and likely explains the observed overcoverage.

4.5.2 Inverse probability of censoring weighted model for the restricted mean

time lost
4.5.2.1 Data generation

To assess the IPCW model, we generated data according 2 binary covariates,
Z = (Zy,Z;). We generated each binary covariate from independent Bernoulli
distributions. We let the subdistribution hazard function follow a Gompertz dis-
tribution, A1 (t|Z) = 7. exp(pzt), where (7, pz) were set according to the 4 strata
of (Z1,7Z3).

We defined the cumulative incidence function for event 1 as Fi(t|Z) = P(T <

te =1|Z) = 1—exp{— f(f A1(s|Z)ds}, and the cumulative incidence function
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Table 4.1: Performance of IPW estimator of the difference in RMTL in simulation
studies, T = 365 days

Proportional subdistribution hazards, § = -22.63 days at T = 365 days

Sample size Exposed Censoring Bias, days Relbias RMSE, days RelSE Coverage

500 25% 10% -0.026 0.001 14269  1.262 0.984
25% 0.231 -0.010 15.046  1.224 0.982

50% 10% 0.118 -0.005 12.568  1.173 0.976

25% 0.197 -0.009 13.179  1.146 0.974

1000 25% 10% 0.134 -0.006 10.153  1.248 0.984
25% 0.424 -0.019 10455  1.237 0.981

50% 10% -0.319 0.014 8949  1.158 0.977

25% -0.182 0.008 9.267  1.146 0.974

Non-proportional subdistribution hazards, § = 8.03 days at T = 365 days

Sample size Exposed Censoring Bias, days Relbias RMSE, days RelSE Coverage

500 25% 10% 0.721 0.090 16.702  1.215 0.980
25% 0.759 0.095 17433  1.196 0.978

50% 10% 0.716 0.089 13.291 1.206 0.981

25% 0.616 0.077 14163  1.163 0.980

1000 25% 10% 0.344 0.043 11.679  1.219 0.982
25% 0.264 0.033 12.070  1.213 0.980

50% 10% 0.359 0.045 9495 1.186 0.979

25% 0.379 0.047 9.872 1.174 0.977

IPW: inverse probability weighted, RMTL: restricted mean time lost, Rel bias: mean bias relative to
true parameter, RMSE: root of mean squared error, Rel SE: mean estimated standard error / Monte
Carlo empirical error, Coverage: proportion of 95% confidence intervals which contain the true J.
To assess the IPW method, we generated competing risks data dependent on a binary covariate A
and covariates Z. We obtained J, the true adjusted difference in RMTL between A = 1and A =0
at T = 365 days with a counterfactual approach in a sample of n = 1000000.
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for event 2 as F(t|Z) = P(T < te = 2|Z) = exp(v2/p=2){1 — exp(—t)}.
We assigned the event type by generating a Bernoulli variable with probabil-
ity Ple = 1|Z) = 1—exp(yz/pz) where p, < 0. We again generated times
using the inversion method, with conditional cumulative incidence functions
P(T < tle = 1,2) = [1 - exp{— [ M(s|Z2)ds}]/ [1 — exp {72 exp(y2/p)}] and
P(T < tle =2,Z) = 1— exp(—t). We generated right censoring and determined

the final observed event type as described in Section 4.5.1.1.

4.5.2.2 Scenarios and true values

Similar to 4.5.1.2, we included 16 unique scenarios with varying censoring (10%,
25%), proportion of exposure (both P(Z; = 1) and P(Z, = 1) equal to 25% or 50%),
pattern of cumulative incidence functions (proportional vs. non-proportional sub-
distribution hazards), and sample size (500, 1,000). We generated 6,000 datasets
for each scenario.

We define (B1,B2) as the true adjusted differences in RMTL at T = 1
year for covariates Z = (Zj,Z;). First we let vy, .. (7) = fOT Fi(t| Z)dt.
We set Gompertz parameters (p,7y) that yielded RMTLs for cause 1 of
{v111(7), v1,10(T), v1,01(T), v1,00(T) } = (0.3,0.4,0.45,0.55) years. Then, the effect of
Z1 and Z; on the RMTL for cause 1 is additive such that (81, 82) = (—0.15, —0.1)
years, or (—54.75, —36.5) days. The Gompertz parameters are provided in Table
C.1, and the true cumulative incidence functions are depicted in Figure 4.2.

We estimated IPCW regression models g{v1(7)} = Bo + B1Z1 + B2Z» with an

identity link. We then evaluated the performance of (f1, §2) to estimate (81, 82).
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Figure 4.2: True cumulative incidence functions in simulation study
of IPCW regression model.

4.5.2.3 Results

The IPCW model demonstrated very little bias in all settings (Table 4.2). The mean
squared error decreased as sample size increased, censoring decreased, and when
the proportion exposed was balanced compared to imbalanced. The coverage pro-
portion of 95% confidence intervals ranged from 93% to 95%, which indicates
slight undercoverage. The relative SE was less than 1 in all scenarios, which in-
dicates that the estimated SE was smaller than the Monte Carlo empirical SE and

likely explains the observed undercoverage.



Table 4.2: Performance of IPCW model of the difference in RMTL in simulation studies, T = 365 days

B1 =-54.75 days B2 =-36.5 days
PSH Sample Exposed Censoring Bias, RelBias RMSE, RelSE Cov Bias, RelBias RMSE, RelSE Cov
size days days days days
Yes 500 50% 10%  0.076 -0.001 13.241 0.956 0.938 0.049 -0.001 13.251 0956 0.938
25%  0.135 -0.002 14.340 0955 0.939 0.088 -0.002 14282 0955 0.942
25% 10%  0.307 -0.006 15.096 0977 0.942 0.116 -0.003 15.332 0977 0.936
25%  0.035 -0.001 16.661 0.957 0.935 0.481 -0.013 17.037 0.957 0.930
1000 50% 10% -0.039 0.001 9.251 0.968 0.943 -0.055 0.002 9.106 0968 0.945
25% -0.149 0.003 10.132 0957 0.937 0.097 -0.003 10.095 0.957 0.940
25% 10% -0.254 0.005 10.772 0969 0.942 0.068 -0.002 10.852 0.969 0.933
25%  0.006 0.000 11.811 0954 0.937 -0.086 0.002 11.781 0954 0.938
No 500 50% 10% -0.204 0.004 13.411 0.963 0.942 -0.133 0.004 13.327 0963 0.943
25%  0.097 -0.002 14.458 0967 0.943 -0.341 0.009 14375 0967 0.943
25% 10% 0.077 -0.001 15.833 0963 0.941 -0.276 0.008 15.311 0963 0.941
25% -0.152 0.003 17.372 0958 0.938 0.175 -0.005 17405 0958 0.938
1000 50% 10%  0.189 -0.003 9304 0982 0.942 -0.087 0.002 9.386 0982 0.944
25% -0.163 0.003 10.366  0.954 0.938 -0.134 0.004 10.363 0.954 0.937
25% 10% -0.056 0.001 11.058 0.974 0.944 0.016 0.000 10.818 0.974 0.941

25%  0.034 -0.001 12289 0957 0.937 -0.190 0.006 12.066 0957 0.937

IPCW: inverse probability of censoring weighted, RMTL: restricted mean time lost, PSH: proportional subdistribution hazards, RMSE:
root of mean squared error, Rel SE: mean estimated standard error / Monte Carlo empirical error, Cov: coverage, or proportion of 95%
confidence intervals which contain the true J.. To assess the IPCW model, we generated competing risks data dependent on 2 binary
covariates (Z1, Z;). We set the true unadjusted difference in RMTL at T = 365 days, (B1, B2) = {V1,12,(T) — V1,02, (T), (V1,2,1(T) = V1,2,0(T) }

6.
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4.6 ILLUSTRATIVE EXAMPLES

We present illustrative examples on AF in the Framingham Heart Study. (Staerk
et al., 2018, 2020; Vinter et al., 2020) We first evaluated sex differences in inci-
dent AF. We also evaluated sex differences in cause-specific mortality after AF.
In both examples, we apply the IPW and IPCW methods. We compared results
with and without accounting for competing risks. The IPW method estimates
the marginal RMTL in each sex and the difference in RMTL between sexes, ad-
justed for covariates, whereas the IPCW model estimates differences in RMTLs
conditional on covariates. We also estimated subdistribution hazard ratios with
Fine-Gray models. To protect the confidentiality of the Framingham Heart Study
participants, the data from our illustrative examples are not publicly available.
Participant level data from the Framingham Heart Study are available at the
database of Genotypes and Phenotypes (https://www.ncbi.nlm.nih.gov/gap/)
and BioLINCC (https:/ /biolincc.nhlbi.nih.gov/home/).

4.6.1 Sex differences in incident atrial fibrillation

When assessing incident AF, individuals may die before developing AF; thus,
death is considered a semi-competing risk. In the semi-competing risk setting and
up to timepoint 7, the RMTL for AF is the mean AF-free time lost, or the mean time
diagnosed with AF.

We included 6,016 participants who were free of AF at index age 55 years and
attended an examination between ages 50 and 60 years. Risk factors were mea-
sured at the examination closest to age 55 years. Participants were followed until
AF or atrial flutter, death, loss to follow-up, the last visit or medical contact. We

set T = 40 years. At 40 years, there were 878 AF events and 1,284 deaths without
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Figure 4.3: Examination of inverse probability weights in individu-
als at risk of atrial fibrillation in the Framingham Heart Study

Inverse probability weights

Density

Weight

AF. We adjusted for age, height, weight, current smoking status, systolic and dias-
tolic blood pressure, hypertensive medication, current diabetes status, prior heart
failure, and prior myocardial infarction.(Staerk et al., 2020) To address highly in-
fluential observations, leading to the instability of the IPW estimator, we replaced
weights above the 99" percentile of the distribution by the 99" percentile.(Cole &
Hernan, 2008)

First, we examine the distribution of the IP weights in Figure 4.3. We do not
observe any extreme weights, and the distributions display reasonable overlap. In
Figure 4.4, we show the IPW cumulative incidence curves and the complement
of the IPW Kaplan-Meier curves (1-KM). The complement of the Kaplan-Meier
curves overestimate cumulative incidence. Furthermore, the sum of cumulative
incidence of AF and death without AF exceeds 1 at 30 years and later. In Table C.2,

we show the adjusted RMTL in males and females, separately.
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Figure 4.4: Inverse probability weighted cumulative incidence
curves for incident atrial fibrillation in the Framingham Heart Study,
with and without accounting for competing risks

IPW: inverse probability weighted, CIF: cumulative incidence function, KM: Kaplan-Meier.

With the IPW method, we found evidence of a marginal difference between
sexes in RMTL for AF over 40 years (Table 4.3). Men lost an additional 1.4 (95%
confidence interval [CI]: 0.5, 2.4) years of AF-free time as compared to women.
With the IPCW model, there was no evidence of difference in the conditional dif-
ference in RMTL. On average females lost 0.4 (-0.92, 1.78) additional years of AF-
free time as compared to males. When interpreting the results, it is important to
note the two methods estimate different quantities. The IPW method estimates
the population difference in RMTL between sexes marginalized over covariates,
or the difference of the population being male or female.(Austin, 2013) In contrast,
the IPCW regression model estimates the individual difference in RMTL between
sexes conditional on covariates, or the difference in an individual being male or
female.(Austin, 2013) The adjusted subdistribution hazard ratio for AF was 1.2
(1.0, 1.5), also indicating males have an increased incidence of AF compared to

females. As for the competing event, death without AF, males lost more AF-free
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life expectancy than females (IPW: 2.3 [1.2, 3.3], IPCW: 1.2 [0, 2.5]). The adjusted
subdistribution hazard ratio from a Fine-Gray model for death without AF was 1.5

(1.3, 1.8).

Table 4.3: Adjusted differences in RMTL between males and females in 40-year
incident atrial fibrillation

Estimators accounting for competing risks AF Death without AF
IPW 2.50(1.61,3.38)  1.44(0.41, 2.46)
IPCW regression model 2.54 (1.65, 3.44) 1.79 (0.93, 2.64)
Estimators not accounting for competing risks AF Death without AF
IPW 3.89(2.90,4.88)  2.58(1.67,3.50)
IPCW regression model 2.78 (1.05, 4.52) 4.85 (3.74, 5.95)

Data are differences in cause-specific RMTL (95% confidence intervals) for men vs. women.
AF: atrial fibrillation; IPW: inverse probability weighted; IPCW: inverse probability of censoring
weighted. The IPW method directly yields marginal differences in RMTL adjusting for covariates,
while the IPCW regression models yield differences in RMTL conditional on covariates.

When ignoring competing risks, both the IPW and IPCW methods provided
estimates larger in magnitude for both events (Table 4.3) as compared to results ac-
counting for competing risks. In addition, both methods provided larger estimates

of the RMTL in each sex, particularly the IPCW method (Appendix C.3, Table C.2).

4.6.2 Sex differences in cause-specific mortality after atrial fibrillation

Now, we illustrate our methods in a classic competing risk setting where all events
are mortality, as opposed to disease incidence. We categorized death causes into
cardiovascular disease (CVD), non-CVD, and unknown causes of death. We as-
sessed sex differences in CVD and non-CVD mortality, while unknown cause of
death was considered an additional competing risk. We included 1,483 individ-
uals with incident AF who attended an exam within 10 years of diagnosis with

non-missing covariates. We assessed sex differences in CVD and non-CVD mor-
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Figure 4.5 Examination of inverse probability weights in individu-
als with atrial fibrillation in the Framingham Heart Study
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tality, while unknown cause of death was considered an additional competing risk.
Individuals entered the analysis at AF diagnosis, and were followed until death or
loss to follow-up. We set T = 10 years. At 10 years of follow up, there were
839 total deaths: 329 due to CVD, 420 due to non-CVD causes, and 90 due to un-
known causes. We estimated differences in cause-specific RMTL between men and
women, adjusted for age at AF and risk factors measured at the closest examina-
tion prior to AF: body mass index, smoking status, systolic and diastolic blood
pressure, hypertensive medication, and diabetes status. We also adjusted for prior
heart failure and prior myocardial infarction, assessed at time of AF onset.

Again, we examine the distribution of the IP weights in Figure 4.5. We do not
observe any extreme weights, and the distributions display reasonable overlap. In
Figure 4.6, we show the IPW cumulative incidence curves and the complement

of the IPW Kaplan-Meier curves (1-KM). In Table C.3 (Appendix D), we show the
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Figure 4.6: Inverse probability weighted cumulative incidence
curves for cause-specific mortality among individuals with AF in the
Framingham Heart Study, with and without accounting for compet-
ing risks
IPW: inverse probability weighted, CIF: cumulative incidence function, KM: Kaplan-Meier.
adjusted RMTLs for CVD death and CVD death in males and females, separately.

We did not find evidence of differences between sexes in 10-year cause-specific
mortality (Table 4.4). When accounting for competing risks, both methods gave
similar estimates for the difference in RMTL. The IPCW method provided slightly
larger confidence intervals. On average, males had slightly greater lost life ex-
pectancy to CVD (IPW: 2.2 [-1.9, 6.4] months) and non-CVD causes (IPW: 4.0 [-0.5,
8.5] months) as compared to females over 10 years. The adjusted subdistribution
hazard ratios from Fine-Gray models were consistent in direction with the differ-
ences in RMTLs (CVD-death: 1.2 [1.0, 1.5], non-CVD death: 1.3 [1.1, 1.5]).

When ignoring competing risks, both methods provided slightly larger esti-
mates of the difference in RMTL for both CVD and non-CVD causes as compared
to results accounting for competing risks. However, the change in estimates when
accounting or not accounting for competing risks was much smaller than the pre-

vious example. Again, both methods also provided larger estimates of the RMTLs

in each sex (Appendix C.3, Table C.3).
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Table 4.4: Adjusted differences in RMTL between males and females in 10-year
cause-specific mortality after atrial fibrillation

Estimators accounting for competing risks CVD death Non-CVD death
IPW 0.31 (-0.07,0.68)  0.28 (-0.16, 0.71)
IPCW regression model 0.27 (-0.21,0.76)  0.31 (-0.13, 0.76)
Estimators not accounting for competing risks CVD death Non-CVD death
IPW 0.40 (0.02,0.79)  0.38 (-0.04, 0.80)
IPCW regression model 0.38 (0.03,0.73)  0.48 (0.09, 0.87)

Data are differences in cause-specific RMTL (95% confidence intervals) for men vs. women.
CVD: cardiovascular disease; IPW: inverse probability weighted; IPCW: inverse probability of
censoring weighted. The IPW method directly yields marginal differences in RMTL adjusting for
covariates, while the IPCW regression models yield differences in RMTL conditional on covari-
ates.

4.7 DISCUSSION

In summary, we introduced methods to estimate and model the difference in
RMTL in the presence of competing risks. We derived an IPW adjusted estima-
tor of the difference in RMTL between exposure groups and its variance, and a
generalized linear model for the RMTL conditional on covariates estimated with
IPCW. In our illustrative examples, we demonstrate how ignoring competing risks
leads to exaggerated estimates.

Previous works have demonstrated how ignoring competing events will lead
to biased inference when estimating incidence.(Gaynor et al., 1993; Beiser et al.,
2000) In this chapter, we demonstrate how ignoring competing events will lead to
biased inference when reporting associations based on the RMST or RMTL. The
complement of the Kaplan-Meier curve overestimates the cumulative incidence of
an event and similarly, estimators of the RMTL must also account for the com-
peting risk to avoid bias. In our illustrative examples, the estimated RMTLs were

considerably larger when ignoring competing risks, which affected the between-
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group differences in RMTLs. The IPCW method was particularly prone to giving
larger estimates of the RMTL when the competing risk was ignored. This may
be due to the two-fold bias of the IPCW model: if competing events are consid-
ered censored, the outcome is estimated only based on the event of interest rather
than taking a value of 0 for competing events, and the censoring distribution G(f)
used to weight individuals is actually the distribution of a composite endpoint of
censoring and the competing event.

In analyses of competing risks data, subdistribution and cause-specific hazard
ratios are frequently used to measure associations.(Latouche et al., 2013) However,
these measures can be difficult to interpret. First, they rely on proportionality over
time, which often does not hold. Second, the subdistribution hazard for a given
cause is a function of all cause-specific hazards, which allows the possibility that an
exposure can indirectly influence the subdistribution hazard ratio through a com-
peting event.(Latouche et al., 2013) Moreover, the cause-specific hazard ratio does
not have a one-to-one relationship with the cumulative incidence function. This
point also applies to RMTL-based measures of association, as a covariate can affect
the cumulative incidence curve through the competing event. This can present dif-
ficulty in interpretation if the competing events are not also analyzed. To address
this, we recommend reporting RMTL-based measures for both the event of interest
and the competing event.

In a randomized experiment, Weir et al. (2019) demonstrated how clinicians
may reach different conclusions when hazard ratios or differences in RMST are
reported. Similarly, reporting the difference in RMTL as a complement to subdis-
tribution and cause-specific hazard ratios may give additional insight to the data

and offer a clinically meaningful interpretation. Unlike either hazard ratio, the un-
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adjusted and IPW adjusted differences in RMTL directly give absolute measures
in each group, which provides crucial background information.(Trinquart et al.,
2017) Furthermore, the difference in RMTL is not subject to any proportionality
assumptions. The assumption of proportional hazards is complex in the compet-
ing risk setting, as subdistribution hazards and cause-specific hazards cannot be
simultaneously proportional and both must be explicitly assessed.(Beyersmann &
Schumacher, 2007)

Other methods for the RMTL exist. In previous work, Calkins et al. (2018) esti-
mated differences in RMST adjusted with IPW, and the bootstrap for confidence in-
tervals. Andersen (2013) developed pseudo-observation model for cause-specific
life years lost. Kipourou et al. (2020) also used the pseudo-observation technique to
model life-years lost to various causes when cause of death is unreliable or missing.
Sabathé et al. (2020) used the pseudo-observation approach to account for interval
censoring in an illness-death model framework. Pan & Gastwirth (2013) modeled
the restricted mean job duration, or ‘lifetime’, using Cox models for cause-specific
event processes.

There are several limitations to our methods. First, if the IPW estimator weights
are in fact estimated by estimating p;,, the proposed variance of the RMTL does
not account for variability in the estimated weights. In our simulation study, the
coverage proportion of the IPW method was greater than 95%. Estimation of the
weights can be accounted for using the bootstrap method.(Calkins et al., 2018) Sec-
ond, when predicting the RMTL for a covariate profile using the IPCW model,
one must be careful not to extrapolate outside the window of (0, T), which may
occur when using the identity or log link functions.(Andersen, 2013) In contrast,

the logit-like link function, suggested by Tian et al. (2014), restricts the predicted
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RMTL to (0, 7). Third, both of our proposed methods assume the event time and
censoring are independent, which may not always hold. The IPCW framework
has been extended to accommodate dependent censoring in other settings.(Wang
& Schaubel, 2018) The IPCW model also exhibits a trade-off between estimation
of the censoring distribution G(¢) and the number of uncensored observations.
Ideally, one would have a large sample with sufficient censoring. One could im-
prove estimation of the censoring distribution and overall model by including an
augmentation term in the estimating equation.(Steingrimsson et al., 2016) Finally,
we only considered covariates at baseline but it is possible that covariates are
measured repeatedly over time. One could use g-computation and g-estimation
to estimate the difference in RMTL while accounting for time-varying confound-

ing.(Conner et al., 2019a; Hagiwara et al., 2019)
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CHAPTER 5

Regression model for the lifetime risk using pseudo-observations

51 BACKGROUND

Lifetime risk is a measure of the absolute risk for developing a disease over the
lifecourse. Estimation of the lifetime risk often requires accounting for left trunca-
tion (or delayed entry, because age is the time scale and individuals are observed at
different starting ages), the competing risk of death, and inference at a fixed time
point.(Gaynor et al., 1993; Beiser et al., 2000; Brookmeyer & Abdalla, 2019) Risk
measures over longer time frames have been shown to motivate lifestyle behavior,
particularly among younger individuals or those who may not be at short-term
risk of disease.(Karmali & Lloyd-Jones, 2013) As a consequence, it is essential to
predict the lifetime risk of conditions accurately. In this paper, we focus on mod-
eling the residual lifetime risk, the risk among individuals who attained a given
index age for developing a disease during their remaining lifespan. Because we
use cohort data, we define the lifetime risk as the cumulative risk at an observable
advanced age, e.g. 95 years. Moreover, participants are observed at periodic exam-
inations and predictors are not collected exactly at the index age. Thus, we allow a
window of time for participants to enter our analyses, but we restrict the window
so risk factors are still comparable by age.(Staerk et al., 2018) Using age as the time
scale with this entry time window induces left truncation.

Statistical methods are available to estimate the lifetime risk. Beiser et al. (2000)
described a modified Kaplan-Meier estimator to allow delayed entries, based on
estimators introduced by Gaynor et al. (1993) and Dinse & Larson (1986). Brook-

meyer & Abdalla (2019) developed estimating equations for the lifetime risk using
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a Markov multi-state model with age as the time scale. Carone et al. (2014) de-
veloped an estimator of the lifetime risk using cross-sectional survival data. To
our knowledge, there are no methods for multivariable regression modeling of
the lifetime risk. Adequate methods should accommodate covariates potentially
associated with the cumulative incidence function, but not associated with the life-
time risk. For example, sex is associated with the cumulative incidence function
for atrial fibrillation, as the cumulative incidence increases markedly after age 50
years in men but only after 60 years in women. However, the lifetime risk is similar
between men and women. (Magnussen et al., 2017)

One can model the cumulative incidence function and predict the lifetime risk
at a fixed age, 7. Fine & Gray (1999) extended the Cox proportional hazards model
to the subdistribution hazard function of the cumulative incidence function, as-
suming proportional subdistribution hazards. Including time-covariate interac-
tions allows modeling time-varying effects. Jeong & Fine (2006) proposed a cure
model with Gompertz distribution. Scheike et al. (2008) introduced direct binomial
regression allowing time-varying covariate effects, in the absence of left truncation.
Royston-Parmar flexible parametric models allow a more complex baseline subdis-
tribution hazard by using restricted cubic splines. (Lambert et al., 2017; Royston &
Parmar, 2002)

Klein & Andersen (2005) and Graw et al. (2009) used pseudo-observations of
the Aalen-Johansen estimator to model the cumulative incidence function over a
grid of timepoints, although in the absence of left truncation. Moreno-Betancur &
Latouche (2013) extended the approach to account for missing causes of failure. In
this paper, we present a method for multivariable prediction of the lifetime risk

using the pseudo-observation technique. We derive the pseudo-observations at a
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tixed age, T, which avoids assumptions about the functional form of risk factors
over time. We also incorporate left truncation in the Aalen-Johansen estimator.
(Grand et al., 2019) Throughout this chapter, we focus on the residual lifetime risk
from an index age, 1y, but refer to this quantity as the lifetime risk.

In Section 5.2, we discuss the non-parametric estimator of the lifetime risk and
its connection to the Aalen-Johansen estimator. In Section 5.3, we propose the
regression model for the lifetime risk using pseudo-observations. In Section 5.4,
we describe how to use regression models for the cumulative incidence function
to predict the lifetime risk at a fixed age, 7. In Section 5.5, we present an extensive
simulation study to compare the methods’ finite sample performance under a wide
range of scenarios. In Section 5.6, we use the proposed method to predict the

lifetime risk of atrial fibrillation with data from the Framingham Heart Study.

5.2 NON-PARAMETRIC ESTIMATION OF THE LIFETIME RISK

We consider two causes of failure, €* € {1,2} where ¢* = 1 s the disease of interest
(for example, atrial fibrillation) and €* = 2 is the competing event (for example,
death without atrial fibrillation). Age is the time scale. Let L* be the entry age, T*
be the age at failure, C* be the age at censoring, and 6* = I(T < C) be an indicator
of non-censoring. We assume C* and L* are independent of T* and €*.

We consider an index age, 19, so that L* > 13. Moreover, individuals are ob-
served conditional on L* < T* and L* < C*. We denote L, T, C, J, € the variables
conditional on L* < T* and L* < C*. We observe X = T A C the age at fail-
ure or censoring. We denote Z a p x 1 vector of covariates. Then, we observe
(L;, X;, 6; - €;, Z;) for individualsi = 1, ..., n.

The lifetime risk is defined as the cumulative risk for developing the disease
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from index age 1 (e.g. 55 years) until an advanced age, T (e.g. 95 years),

F(T" >7w) =E{I(T" <1, =1T">1)}
=P(T*" <71, =1T" > 1)

- /TS(t\t > To)an (£)dt

in which a4 (t) is the cause-specific hazard function for event 1, A (t) is the cumula-
tive all-cause hazard function, and S(t|t > 19) = exp(— f A(u)du) is the overall
survival function (here, of being alive and event-free).(Jeong & Fine, 2009)

Let Nii(t) = I(L; < X; < t)dil(e; = k), Ni(t) = Yiq N i(t) be the number of
events of cause k by age t, N(t) = Nj(t) + Na(f) be the number of total events by
age t, ANi(t) be the increment Ny (t) — Nx(t—),and Y(t) = Y1' { I(L; < t < X;) be

the number at risk just before age t. The lifetime risk is estimated by

i . ANL(H)
Fl(T|T > T()) = Z S(t]'_l) Y(t')]
T0<t]'§T ]

where 79 < t; < T are the unique ages at failure and S(t) is the Kaplan Meier

estimator of being alive and event-free at age t with a modified risk set Y (¢) to al-
AN(t))
Y(t)
1993; Du, 2010; Andersen et al., 1993). The variance is estimated using Green-

low delayed entries, 5(t) = [, <ti<t (1 ) (Beiser et al., 2000; Gaynor et al.,

wood’s formula. (Gaynor et al., 1993; Allignol et al., 2010)

ANy (t) }2

var {A (1T > )} = ), {g(tf‘l) Y(t))

’l'()<t]‘§T
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The estimator of the lifetime risk, Fi(t|T > 1), is an element of the Aalen-
Johansen estimator with three states (alive and disease-free, disease, and death)
and allowing left truncation (i.e., age as the time scale). (Andersen et al., 1993;
Aalen & Johansen, 1978) Connecting the lifetime risk to the Aalen-Johansen es-
timator allows us to explore statistical methodologies for competing risks data,
such as pseudo-observations, which have not yet been used for modeling the life-
time risk. (Klein & Andersen, 2005; Graw et al., 2009) For instance, we can use
an alternative representation of the cumulative incidence with inverse probabil-
ity of censoring and left truncation weights. Note that the conditional distribu-
tion dF; 7 cse(l,t,c,u,k) is equal to dFp« 1+ o= 5« (1, t,¢,u,k) /T, where { = P(L* <
T|IT > 1), G(t) = P(C* > t|T* > 19), and H(t) = P(L* < t|T* > 19). Then using

conditional expectations,

17,6 })

L G [ {I(L?<T1-*ST,5§‘=1/€§‘=1!TZ'*>T0)
{n 1; G(T,)H(T;) G(T)H(T})

=E{I(T <71, =1T > 1)}

=F(7|T" > 7).

This motivates an alternative, weighted estimator introduced by Geskus (Geskus,
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2011),

A 1 &
F(tIT > 1) = = 2

where =1 = {¥" | A(X;)} ! estimates { /1, and G(t) and H(t) are Kaplan-Meier

estimators for G(t) and H(t).

5.3 PSEUDO-OBSERVATION MODEL FOR THE LIFETIME RISK

We propose a regression model for the lifetime risk using the pseudo-observation
technique. (Klein & Andersen, 2005; Andersen et al., 2003; Andersen & Po-

har Perme, 2010) Let a generalized linear model for the lifetime risk be
SIEAU(TY < 7,6f = 1T} > )| Zi}] = g{ R (TIT] > w0, Z)} = ZiB

where g(-) is a link function and Z! = (1, Z;) is the covariate matrix allowing
an intercept term. Here we let g(6) denote a logit link function, g(8) = In (:;).
Alternatively, the complementary log-log link function, ¢(6) = In{—In(1—6)}, or
the identity link function, g(0) = 6, can be used. We replace 1(T;* < 7,/ = 1|T; >
Tp) with pseudo-observations for the ith individual at age 7. In the presence of left

truncation, the pseudo-observation for individual i at age t is given by

n n .
0i(t) = {Zl(Li < t)} Fi(tT; > ) — {Zl(Li <t)- 1} £V > w)
i=1 i=1
for individuals who have entered the study by age ¢ (L; < t), where ﬁl_(i) (t|T; >
Tp) is the estimated cumulative incidence function at time f without the ith indi-
vidual. (Grand et al., 2019) The lifetime risk is evaluated at a fixed age, T, so we

estimate the pseudo-observations at a single age 7. (Klein & Andersen, 2005; Klein
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et al., 2007; Chen et al., 2018) Since all individuals have entered the study before 7,

the pseudo-observation is

b:(7) = nby(7|Ts > ©) — (n — VB P (1|T > 1),
where ﬁl_(i) (7|T; > 10) is the estimated lifetime risk without the ith individual.

We then model
g[E{6:i(7)|Z{}] = ZiB.

In the presence of independent right-censoring, it has been previously shown that
the pseudo-observations are asymptotically unbiased for the cumulative incidence
tunction.(Graw et al., 2009; Logan et al., 2011; Overgaard et al., 2017)

The estimated coefficients 3 can be obtained by solving the estimating equation

T
ups) = Z{%ﬂ(rlﬂ > T, Z{)} VI - BT, > w)} =0,

where V; denotes the variance function. When using the logit link, the coefficients
B are interpreted as log lifetime odds ratios. Note that if data are correlated, for
example when pooling data from multiple cohorts, we can estimate the coefficients
by using generalized estimating equations and we estimate the working correla-
tion matrix V; with a sandwich estimator. (Logan et al., 2011; Liang & Zeger, 1986)

We derive the estimated lifetime risk with the inverse link function. With the

logit link, the estimated lifetime risk is

1
14+ exp(—Z!B)

FPO(7|T; > w0, Z])
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The estimated difference in lifetime risk between individuals with covariate pro-
filesiand jis i = FYO(|T; > 1, Z]) — EfO(7|T; > w0, Z?). We estimate the vari-
ance with the multivariate delta method, V(1) T2V (1), where V (1) is the gradient

and X is the covariance matrix of the estimated model coefficients.

54 MULTIVARIABLE MODELS FOR THE CUMULATIVE INCIDENCE
FUNCTION WITH LEFT TRUNCATION

We describe how to fit regression models for the cumulative incidence function,
and how to use the fitted model coefficients to predict the lifetime risk. We first
discuss the Fine-Gray model, which is the default model choice for competing
risks data.(Fine & Gray, 1999) However, this model assumes proportional subdis-
tribution hazards and does not include the baseline subdistribution hazard in the
likelihood. We also describe including time-dependent effects in the Fine-Gray
model. Finally, we describe the flexible parametric model, which directly models
the baseline subdistribution hazard function using restricted cubic splines and also
permits time-dependent effects.(Lambert et al., 2017; Royston & Parmar, 2002) The
fully parametric form allows more complexity, straightforward predictions, and

confidence intervals with the delta method.

5.4.1 Fine-Gray model of the subdistribution hazard

The Fine-Gray model is given by

/\1(t|Ti* > 1, Zz) = )\1/0(t|Ti* > T()) exp(Z,-Tr)
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where A1o(t T > 19) is the baseline subdistribution hazard and A (T >
T, Z) = —4log{1 — F (t|T* > 1, Z)} is the subdistribution hazard.(Fine & Gray,
1999) We use the extension of the Fine-Gray model by Geskus to incorporate left
truncation with a variation of inverse probability of censoring weighting (IPCW),
in which individuals receive time-dependent weights and parameters 7 are esti-
mated by solving a weighted likelihood.(Geskus, 2011) An individual i receives
weight w;(t) = 1 at all ages t before their age at failure or censoring, X;. After age
X;, the individual receives weight w;(t) = G(t)H(t)/G(X;)H(X;) if they experi-
enced a competing event, where G(t) and H(t) are the probabilities of not being
censored and entering the study with delay at age ¢, each estimated by Kaplan-
Meier estimators. Otherwise, w;(t) = 0.

The lifetime risk can be obtained by predicting the cumulative incidence func-

tion at T,

T ~
FlFGI(T|T1' > T, Z,) =1- exp {—/ Al,O(t’Ti > To) exp(Zﬁr)dt}
T

=1—exp{—A1o(|T; > 1) exp(Z;#)}

where A1o(t|T; > 1) is a modified Breslow estimator of the baseline cumula-
tive subdistribution hazard and A;o(1|T; > 19) = 0. The difference in lifetime
risk between individuals with covariate profiles i and j is FF°1(7|T; > 7, Z;) —
FECY(1|T; > 79, Z;). We construct 95% confidence intervals for the difference in
lifetime risk between covariate profiles using the bootstrap method.

The Fine-Gray model assumes proportional subdistribution hazards, which
may not hold in real-life applications. If the Fine-Gray model is misspecified, i.e.

the proportional subdistribution hazards assumption is violated, subsequent pre-
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diction of the cumulative incidence function will be affected. If a covariate has a
proportional effect on the cause-specific hazards, it will not have a proportional
effect on the sub-distribution hazards.(Beyersmann et al., 2011; Latouche et al.,
2007; Beyersmann & Schumacher, 2007; Mufioz et al., 2013) Therefore, one cannot
assume proportional cause-specific hazards and proportional subdistribution haz-
ards simultaneously. Furthermore, hypothesis tests of the model parameters do
not align with hypothesis tests of the lifetime risk. In Appendix D Section D.1, we

illustrate this by assuming the cause-specific hazards have a Weibull form.

5.4.2 Fine-Gray model of the subdistribution hazard with time-dependent ef-

fects

We include time-dependent effects in the Fine-Gray model by adding time-

covariate interactions
/\1(t|Ti* > T, Zz) = Al,O(t‘Ti* > TO) exp {Z,,;ﬂ'l + Zz 10g(t)7'l'2}

where 71 denotes the time-fixed covariate effects and ws denotes the effects for
the interactions between the covariates and log(t). To predict the lifetime risk,
we calculate the numerical value of the integral accounting for the time-covariate

interaction term
T A

FlFGZ(T|T1' > Tp, Zz) =1-— exp {—/ /\1,0(t|Ti > T()) exp {Ziﬂ'l -+ Zi log(t)ﬂ'z} dt| .
T0

Similar to Section 4.1, the difference in lifetime risk between individuals with co-
variate profiles i and j is FfC2(7|T; > 1, Z;) — EfC%(7|T; > 1, Z;) and 95% confi-

dence intervals are obtained using the bootstrap.
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5.4.3 Flexible parametric model of the cumulative subdistribution hazard

Finally, we describe how to model the cumulative incidence function by using the
Royston-Parmar flexible parametric model estimated with IPCW to allow com-
peting risks and left truncation. (Lambert et al., 2017; Royston & Parmar, 2002;
Geskus, 2011) In contrast to the Fine-Gray model, the flexible parametric approach
allows a more complex baseline subdistribution hazard via restricted cubic splines.

We model the log cumulative subdistribution hazard as

log[— log{l — Fl(t|TZ* > Tp, Zz)}]
= log{Al(t|Tl* > T, Zz)}
= log{Ao(t|T;" > T0,)} + Zip1 + Z; - s{log(t)|v, ko} - p2

= s{log(t)|v, ko} + Zip1 + Z; - s{log(t)|v, ko} - p2,

where the log baseline subdistribution hazard, log{A1o(t|T;" > 19, )}, is modeled
by s{log(t)|v, ko}, a restricted cubic spline function with a vector of knots, kg €
{k1,...,kx}, basis functions n, and associated parameters 7. More specifically,

the restricted cubic spline function s{log(#)|v,ko} = vo+ v1i1m1 + - - - + Yk-11k-1
where 171 = log(t), ; = (log(t) — k;)® — vj (log(t) —k1)* — (1 — v;) (log(t) — k)’

forj=2,...,K—1,and vj = % Time-dependent effects, p2, are modeled by
including interaction terms between covariates and the restricted cubic spline for
log(t). Estimation of the model incorporates IPCW, as described in Section 4.1.
(Lambert et al., 2017)

The lifetime risk is estimated by

EEP(7|TF > 19, Z3)
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=1 —exp(—exp[s{log(7)|¥, no} + Z;p + Z; - s{log(7) |7, ko} - n2]),

and the difference in lifetime risk between individuals with covariate profiles i and
jis BFP(7|TF > w0, Zi) — EfP(t|T} > 70, Z;). We obtain standard errors with the

multivariate delta method.

5.5 SIMULATION STUDIES

We conducted Monte Carlo simulation studies to assess and compare the perfor-
mance of the pseudo-observation, Fine-Gray, and flexible parametric models in
estimating the lifetime risk and its difference between groups. We generated data
under both cause-specific hazards (Beyersmann et al., 2009, 2011) and subdistribu-
tion hazards frameworks (Zhou et al., 2013; Li et al., 2015) to assess if our findings
depend on the data generation mechanism. Our data generation scenarios cover
a variety of patterns, including non-proportional subdistribution hazards where
the cumulative incidence functions cross or converge. We compared the bias, rel-
ative bias, mean squared error, and empirical coverage rate for all methods. We
also assessed the Type I error and power of our method in detecting a difference

in lifetime risk.

5.5.1 Data generation
5.5.1.1 Cause-specific hazard framework

We first generated one binary covariate, Z*, from a Bernoulli distribution. To

generate event times, we set the cause-specific hazard a.(t;Z*), ¢ € {1,2} to

follow a Weibull form, a.(t;Z*) = (bae'%t“az*’l with shape parameter a, z-
eZ*)

and scale parameter b z«. We then determined the cumulative all-cause haz-
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ard, A(t;Z*) = fot w1 (u; Z*) + ao(u; Z*)du and its inverse function, A~1(t; Z*).
We obtain the generated times using the inversion method, where we generate
a random variable U ~ Uniform(0,1) and the simulated time to event is then
T* = A~(—In(1 — U)). To determine the inverse function A~!, we used the uni-

root function in R. Then, we assigned the event type, €*, by a Bernoulli experiment,

ap (T*527)
a1 (T*Z* ) +ap (T*; 2%

with probability p = ) for cause € = 1.

To use age as the time scale, we generated entry times L* ~ Uniform(0,5) for
50% and 80% of individuals and 0 otherwise. We shifted times by adding 55 to
L* and T*, to be consistent with our motivating example in which we examine
residual lifetime risk from age 55. We included independent right-censoring by
generating censoring times C* ~ Uniform(c, d), where the parameters (c,d) were
chosen to yield approximately 25% and 75% probability of censoring at T = 95.
Observed event ages were given by X* = T* A C*. Then, we determined if the
event time was censored, 0* = I(T* < C*), and the final observed event type,

6" - €*. Participants entered the study at entry age L* if L* < X*; otherwise, they
were not observed. This yields (L, X,¢ - €, Z).

5.5.1.2  Subdistribution hazard framework

We first generated one binary covariate, Z*, from a Bernoulli distribution. Let
A1o(t) = v exp(pt) denote the baseline subdistribution hazard function which fol-
lows a Gompertz distribution, and A1(t; Z*) = Aqo(t) exp{(¢1 + ¢ - t)Z*} de-
note the subdistribution hazard function, where (¢, ¢,) are the covariate and
time-dependent covariate effects on the subdistribution hazard of event 1. We
assume the cumulative incidence function for event 1 with non-proportional

subdistribution hazards is given by Fi(£;Z*) = P(T* < te = 1|Z*) =
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1 —exp[— fot yexp{(p + ¥2Z*)s + 1 Z* }ds|, and the cumulative incidence func-
tion for event 2 is F(t;,Z*) = P(T* < te = 2|Z*) = exp{%(jzl*z)} [1—
exp{—texp(y3Z*)}], where 3 is the covariate effect on the subdistribution hazard
of event 2. (Zhou et al., 2013)

We assigned the event type by generating a Bernoulli variable with probability
P(e = 1|Z*) = 1 —exp {Wepr—éfflzz)} where p + ¥Z* < 0, which is the limit of
F1(t|Z*) with respect to t. We generate times for the event of interest from the
conditional cumulative incidence functions for event 1, P(T* < tle = 1,Z) =
(1= expl—fo vexp{(p+¥22")s + 9127 }ds] ) / [1 - exp {yexp(§12°)/p + 22"},
and event 2 P(T* < tle = 2,Z*) = 1 —exp{—texp(y3Z*)}. We generate the
event times by simulating a random variable U ~ Uniform(0,1) and determining
the inverse of the conditional cumulative incidence function with respect to t.
We rescaled all times by multiplying by 40. (Zhou et al., 2013) We included
independent right-censoring and delayed entry times as described in Section 4.1.1.
We shifted times by adding 1y = 55 to L* and X*, in order to be consistent with
our motivating example in which we examine residual lifetime risk from age 55

years. Participants entered the study at entry age L* if L* < X*; otherwise, they
were not observed. This yields (L, X,¢ - €, Z).

5.5.2 Scenarios

The true cumulative incidence functions under cause-specific and subdistribution
hazard data generation are available in Figure D.1. A description of each setting,
including the parameters of the Weibull scenarios for cause-specific hazard settings
1-4 and the parameters for the Gompertz scenarios for subdistribution hazard set-

tings 5-8, are provided in Tables D.1 and D.2.
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Parameters were selected to obtain a variety of shapes in the cumulative inci-
dence function (converging, diverging, and crossing curves), and a lifetime risk of
approximately 40%, similar to the actual lifetime risk of atrial fibrillation in our
motivating example (Staerk et al., 2018). The cumulative incidence curves in set-
tings 1 and 5 converge, which shows an association with the cumulative incidence
function but not the lifetime risk. The cumulative incidence curves in settings 2
and 6 cross. In the cause-specific hazard setup, we also varied if Z was associated
with one or both events. In the subdistribution hazard setup, we varied how the
association changes with time; whereas the associations in settings 5-7 include a
main effect ¢; and time-varying term 1,, whereas the association in setting 8 is
completely dependent on time (¢; = 0).

We assessed 64 unique scenarios, with varying censoring (25%, 75%), left trun-
cation (50%, 80%), and sample size (500, 1,000). We generated 2,000 datasets of
size n = 500 and n = 1,000 for each scenario. The number of replicates was deter-
mined to obtain precision of 0.01 in detecting an empirical size of 0.05. Due to left
truncation, the effective sample sizes are smaller; we report the average sample

size for each scenario.

5.5.3 Statistical analysis

We estimated the lifetime risk at T = 95 from an index age of 1y = 55 in each group
and the difference in lifetime risk between groups using our pseudo-observation
method, the Fine-Gray model with and without an interaction with log(time), and
the flexible parametric model. For our pseudo-observation method and the Fine-
Gray model, we used R 3.6.0. We used the finegray () function in R, and fit models

with and without interactions between Z and log(time). For the flexible parametric
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method, we used the stpm2 procedure in Stata. We fit flexible parametric models
with a time-varying effect by including an interaction between the covariate Z and
log(t), log[—log{1l — Fi(t{T}" > 0, Z;)}] = o+ 711log(t) + v2m2(t) + yana(t) +
B1Z; + B2Z;log(t). All models included 4 knots for the baseline subdistribution
hazard and 2 knots for the time-varying term. We chose the number of knots by
comparing the Akaike’s Information Criterion (AIC) when fitting models with 2 to
6 knots for the baseline subdistribution hazard in a random sample of simulated
datasets. There was little change in AIC between 4, 5, and 6 knots, which justified

our choice to use 4 knots.

5.54 Assessment of performance

For all methods, we compared estimation of the lifetime risk in each group and
the difference in lifetime risk between groups according to mean bias, mean rela-
tive bias, and mean squared error. We compared the empirical coverage rate for the
pseudo-observation and flexible parametric models only, since the Fine-Gray mod-
els require bootstrapping the confidence intervals. We also assessed the type I error
and power of the estimated coefficient (log odds ratio) for the pseudo-observation
method. We present results using nested loop plots.(Riicker & Schwarzer, 2014)
The true lifetime risk at 7 is given by Fi (7|T* > 7, Z) = [ e~ AWZ) .y (u; Z)du =
1—exp[— f;o vexp{(p + ¥2Z)s + 1 Z}ds], where the parameters are given in Ta-
bles D.1 and D.2. Then, the true difference in lifetime risk, 6, between two groups
isu=F(T|T">1,Z=1)—F((T|T" > 1,Z=0).



106

5.5.5 Results

The nested loop plots in Figures 5.1 and 5.2 present the mean bias and mean
squared error using the pseudo-observation, Fine-Gray, and flexible parametric
methods. Each panel corresponds to a different scenario indicated by the legend.
The scenarios were organized to best illustrate any patterns in the simulation re-
sults. Figures for the mean relative bias, coverage, Type I error, and power are
available in Appendix D (Figures D.2-D.4). We assessed relative bias and power
for scenarios where the true difference in lifetime risk was not 0, and type I error
in scenarios where the true difference in lifetime risk was 0; all other criteria were
assessed for all scenarios. The flexible parametric model did not reach conver-
gence in all simulated datasets; the presented results include only datasets where

the model converged. The convergence rate for this method ranged from 98% to

o
100%.
Group 1 Group 0 Difference (Group 1 — Group 0)
Setting (1, 2,3,4,5,6,7,8) Setting (1, 2, 3,4,5,6,7,8) Setting (1, 2, 3,4,5,6,7,8)
0.10 1 Sample size (500, 1000) 0.10 1 ‘Sample size (500, 1000) 0.10 Sample size (500, 1000)
Censoring (25%, 75%) Censoring (25%, 75%) Censoring (25%, 75%)
Left truncation (50%, 80%) Left truncation (50%, 80%) Left truncation (50%, 80%)
0.05 0.05 0.05
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Flexible parametric —— Fine—Gray, log(time) interaction

Figure 5.1: Nested loop plot showing the simulation study results:
bias.

The legend at the top describes the organization of results by setting, sample size, censoring, and
left truncation. Each vertical panel is a unique scenario, with a total of 64 scenarios.
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The bias and relative bias were lower for the pseudo-observation approach than
the Fine-Gray and flexible parametric approaches for most scenarios (Figures 5.1
and D.2). The Fine-Gray model without log(time) interaction demonstrated vis-
ibly greater bias for the difference in lifetime risk than the other methods across
scenarios, particularly in settings with heavy censoring and where the cumula-
tive incidence functions cross or converge (settings 1, 2, 4, 5 and 6). The Fine-
Gray model with log(time) interaction showed a similar pattern, performing more
poorly with heavy censoring but with smaller magnitude. Smaller sample size
slightly increased the bias of the pseudo-observation method, but did not appear
to heavily impact the bias of the other methods.

The mean squared error followed a consistent pattern across all methods, ex-
cept the Fine-Gray without log(time) interaction which displayed notably greater
mean squared error (Figure 5.2). Overall, mean squared error increased with
smaller sample size, heavy right censoring, or heavy left truncation. The Fine-
Gray model’s fluctuation in mean squared error was greater in settings generated
from cause-specific hazards (settings 1-4); but fairly equal among all methods in
settings generated from subdistribution hazards (settings 5-8).

The coverage of the pseudo-observation approach hovered around 95% for all
scenarios (Figure D.3). The coverage of the flexible parametric model was close
to 95% for many scenarios, but slightly deviated in some scenarios, particularly
setting 1 where there was no difference in lifetime risk. Finally, the Type I error
of the pseudo-observation method hovered around 5% (Figure D.4). The power
of the pseudo-observation method was high for most scenarios, but low when the

difference in lifetime risk was small (Figure D.4).
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Figure 5.2: Nested loop plot showing the simulation study results:
mean squared error.

The legend at the top describes the organization of results by setting, sample size, censoring, and
left truncation. Each vertical panel is a unique scenario, with a total of 64 scenarios.

5.6 ILLUSTRATIVE EXAMPLE: LIFETIME RISK OF ATRIAL FIBRILLATION

(Staerk et al., 2018) previously estimated the lifetime risk of atrial fibrillation by
calculating the Aalen-Johansen estimator in various risk factor strata. We apply
the pseudo-observation, flexible parametric, and Fine-Gray methods to model the
lifetime risk of atrial fibrillation in the Framingham Heart Study.

We included 5,613 Framingham Heart Study participants who were free of
atrial fibrillation at an index age of 55 years and attended an examination between
ages 50 and 60 years. Risk factors were measured at the examination closest to
age 55 years. Participants were followed until atrial fibrillation or flutter, death,
age 95 years, loss to follow-up, or last visit or medical contact in which the par-
ticipant was free of atrial fibrillation. In all, 789 participants developed new-onset

atrial fibrillation over a median follow-up of 14.0 years. We included the follow-
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ing risk factors: age at entry, biological sex (male vs. female), body mass index,
current smoking status, elevated vs. optimal alcohol use (elevated defined as 14 or
more drinks per week for males and seven or more drinks per week for females),
systolic and diastolic blood pressure, hypertensive medication use, prior diabetes,
prior heart failure, and prior myocardial infarction. (Staerk et al., 2018) Participant

characteristics are available in Appendix D (Table D.3).

5.6.1 Model fitting and lifetime risk prediction

We fit the pseudo-observation model with a logit link, the Fine-Gray model, and
the flexible parametric model for the lifetime risk of atrial fibrillation. All models
employed age as the time scale.

When fitting the Fine-Gray model, we considered whether time-varying effects
improved the model fit according to AIC. We fit additional models, each with an
interaction between log(time) and a single covariate. In a forward fashion, we se-
lected the model with the lowest AIC, and repeated this process for the remaining
covariates. (Sauerbrei et al., 2007) The final model contained interactions between
log(time) and sex, smoking status, body mass index, prior heart failure, and prior
myocardial infarction. For each binary covariate, we predicted the difference in
lifetime risk between groups with a least squares mean approach, where all other
covariates were set to the sample average or proportion. For continuous covari-
ates, we predicted the difference in lifetime risk for one standard deviation increase
from the mean.

When fitting the flexible parametric model, we considered models with 2 to 6
knots for the baseline subdistribution hazard and chose the value that yielded the

lowest AIC, which was 5 knots. Then we fit additional models, each with an inter-
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action between log(time) and a single covariate (which corresponds to 2 knots for
covariate interactions). In a forward fashion, we selected the model with the low-
est AIC, and repeated this process for the remaining covariates. (Sauerbrei et al.,
2007) The final model contained interactions between log(time) and sex, smoking
status, and hypertensive medication.

We also fit models for the lifetime risk of death without atrial fibrillation to
better understand the competing risk. Fine-Gray models including interactions
between log(time) and entry age, sex, smoking status, hypertensive medication,
prior heart failure, and prior myocardial infarction. Flexible parametric models for
death without atrial fibrillation included 4 knots for the baseline subdistribution
hazard, determined by comparing the AIC for models with varying numbers of
knots. The final model contained interactions between log(time) and sex, systolic
blood pressure, hypertensive medication, and prior diabetes.

For all models, we predicted the lifetime risks by appropriately back-
transforming the estimated model coefficients using a least squares means ap-
proach. For each binary covariate, we predicted the difference in lifetime risk
between groups, where all other covariates were set to the sample average or pro-
portion. For continuous covariates, we predicted the difference in lifetime risk for
one standard deviation increase from the mean. We obtained 95% confidence in-
tervals using the delta method for the pseudo-observation model with logit link
and flexible parametric models, and the 0.025 and 0.975 percentiles of bootstrap
resamples for the Fine-Gray model.

We generated calibration plots for each method, available in Figure D.5 of
Appendix D. The pseudo-observation method demonstrates the highest calibra-

tion, followed by the flexible parametric model and then the Fine-Gray model.
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The pseudo-observation underestimated the lifetime risk in the seventh and tenth
deciles of predicted risk. The Fine-Gray model over-estimated the lifetime risk in
the second, fourth, fifth, and tenth deciles, and under-estimated in the seventh and
ninth deciles. Finally, the flexible parametric model over-estimated the lifetime risk
in the third, fifth, sixth, and tenth deciles. The mean squared error between pre-
dicted and observed lifetime risk was 0.0007 for the pseudo-observation method,

0.0017 for the Fine-Gray model, and 0.0016 for the flexible parametric model.

5.6.2 Results

In Table 5.1, we present the predicted differences in lifetime risk of atrial fibrilla-
tion at age 95 from an index age of 55. With the pseudo-observation model, there
was evidence of increase in lifetime risk of atrial fibrillation associated with male
sex (difference in lifetime risk [95% CI]: 10.6% [5.2, 16.0], higher systolic blood
pressure (5.7% [1.3, 10.1], lower diastolic blood pressure (-4.3% [-7.9, -0.7]), and
use of hypertension medication (7.2% [1.4, 12.9]). There also was evidence of de-
crease in lifetime risk of atrial fibrillation associated with smoking (-10.2% [-17.3,
-3.2]) and prior diabetes (-11.7% [-18.8, -4.6]). The Fine-Gray and flexible para-
metric model found similar results for sex, systolic blood pressure, diastolic blood
pressure, use of hypertension medication (Table 5.1). The Fine-Gray and flexible
parametric models also predicted decreases in lifetime risk with smoking and prior
diabetes, though smaller in magnitude. Results for prior myocardial infarction and
heart failure varied by method, which may be explained by the small number of
participants with these risk factors (Table D.3). The model coefficients, which are
lifetime odds ratios for the pseudo-observation model and subdistribution haz-

ards ratios for the Fine-Gray and flexible parametric models, are available in the
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Appendix (Table D.5).



Table 5.1: Predicted percentage differences in lifetime risk of atrial fibrillation at age 95, from index age 55

Cumulative incidence models

Risk factor Pseudo-observation model Fine-Gray Flexible parametric
Age at entry, (SDU) -2.38 (-5.30, 0.55) -1.61 (-2.89, 0.04) -1.61 (-3.65, 0.43)
Male vs. female 10.61 (5.19, 16.03) 10.23 (0.13, 13.48) 8.52 (2.79, 14.25)
Systolic blood pressure, (SDU) 5.69 (1.32,10.05) 5.44 (0.02,7.17) 5.88 (2.58,9.17)
Diastolic blood pressure, (SDU) -4.28 (-7.88, -0.68) -2.91 (-4.26, -0.00) -3.26 (-6.22, -0.30)
Hypertension medication, yes vs. no 7.15 (1.39,12.91) 9.56 (0.03, 12.74) 4.32 (-2.42,11.06)
Smoker vs. non-smoker -10.24 (-17.27,-3.22) -5.38 (-8.21,3.48)  -5.84 (-11.20, -0.48)
Alcohol use, elevated vs. optimal) 4.36 (-6.76,15.48) 7.71 (-0.10, 13.14) 8.68 (-0.22, 17.58)
Body mass index, (SDU) 2.09 (-0.17, 4.36) 1.94 (0.02, 4.04) 5.68 (3.13, 8.23)
Prior diabetes, yes vs. no -11.69 (-18.75, -4.63) -3.92 (-8.44, 0.81) -4.11 (-11.58, 3.36)
Prior heart failure, yes vs. no 3.75(-29.00, 36.51) -10.92 (-24.59,24.59) 15.49 (-16.74, 47.72)
Prior myocardial infarction, yes vs. no -9.80 (-21.74,2.13)  -12.65 (-19.36, 6.60) 3.06 (-8.68, 14.80)

SDU: standard deviation unit. Results are % differences in lifetime risk and 95% confidence intervals. Differences in lifetime risk for
continuous risk factors are the differences for a 1 SDU increase in the covariate from the mean value of the covariate. For the pseudo-
observation model and flexible parametric models, differences in lifetime risk were obtained by transforming model coefficients at the
mean value of other covariates (LSmeans approach), and 95% Cls are obtained with the delta method. For the Fine-Gray model, differences
in lifetime risk were also obtained by transforming model coefficients at the mean value of other covariates (LSmeans approach), and 95%
ClIs are the .025 and .975 percentile of bootstrap resamples.

clL
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In Table D.4, we present predicted differences in lifetime risk of death with-
out atrial fibrillation at age 95 from an index age of 55. With all methods, we
observe positive associations for smoking status (pseudo-observation 19.7 [11.3,
28.1], Fine-Gray 21.3 [15.6, 26.3], flexible parametric 25.9 [21.7, 30.0]) and prior
diabetes (pseudo-observation 9.0 [-1.9, 19.9], Fine-Gray 21.6 [14.6, 28.9], flexible
parametric 23.3 [15.9, 30.8]). The model coefficients are available in the Appendix
(Table D.6).

The inverse associations of smoking and the lifetime risk of atrial fibrillation
may seem counterintuitive, as smoking and diabetes are established risk factors
for atrial fibrillation. However, smoking is strongly associated with the compet-
ing risk, death without atrial fibrillation. If individuals who smoke have a greater
hazard of death, they may die before they can develop atrial fibrillation. It would
be misleading to report the association between smoking status and atrial fibrilla-
tion in isolation, as the association with the competing risk is also important here.
However, the inverse association is still an important result from a public health
perspective. In quantifying the burden of atrial fibrillation at advanced ages, in-
dividuals who smoke or with diabetes may not develop atrial fibrillation because
they did not live long enough to develop atrial fibrillation. The individuals we
observe developing atrial fibrillation later in life may not exhibit these risk factors
from the very fact that they have survived to a later age due to the absence of these

risk factors.

5.7 DISCUSSION

In summary, we demonstrate how the pseudo-observation technique can be used

to fit a multivariable model for the lifetime risk. Unlike models for the cumulative
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incidence function, our approach avoids the assumption of proportional subdistri-
bution hazards and complex time-varying effects by focusing on a single point in
time. Models for the cumulative incidence function are designed to estimate the
subdistribution hazard ratio over all time points, whereas we leverage the pseudo-
observation technique to focus on our timepoint of interest. In simulation studies,
our approach had lower bias and similar mean squared error to the Fine-Gray and
flexible parametric models. In the Framingham Heart Study, we identified mid-life
risk factors associated with the residual lifetime risk of atrial fibrillation. We fo-
cus on the pseudo-observation method with logit link in this paper. Alternatively,
one could directly model differences in lifetime risk with the pseudo-observation
method by using the identity link with caution of estimating lifetime risk outside
of the (0,1) range.

The flexible parametric model and Fine-Gray model with log(time) interaction
also performed well in predicting the lifetime risk in many scenarios. However, we
observed considerable bias and error when the Fine-Gray model did not include
an interaction term between the covariate and log(time), thus the model did not try
to account for a time-varying association. This bias was particularly large in set-
tings where the cumulative incidence functions crossed or in the presence of heavy
censoring. Both the flexible parametric and Fine-Gray models sometimes showed
improved performance in the presence of heavier left truncation as compared to
lighter left truncation; this may be explained by the weights, which require esti-
mation of the entry distribution, H(t). If the amount of left truncation is small,
H(t) may not be estimated correctly which in turn affects the weights.

The regression coefficients of the Fine-Gray and flexible parametric models are

log subdistribution hazard ratios for the cumulative incidence function. In our il-
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lustrative example with age as the time scale, covariates with log(time) interactions
often showed large or small coefficients due to the range of time (55 to 95 years).
This could be alleviated by rescaling the age variables or the log(time) interaction,
i.e. substracting 7. With the flexible parametric model, the lifetime risk at T can be
predicted and confidence intervals or hypothesis tests can be easily obtained with
the delta method. In contrast, confidence intervals for the Fine-Gray predicted life-
time risk require the bootstrap method. When including time-dependent effects
in the Fine-Gray model, prediction of the lifetime risk is not always straightfor-
ward.(Austin et al., 2020) On GitHub, we share our R code for predicting the cu-
mulative incidence function at a fixed time point from the Fine-Gray model with
left truncation and time-varying effects using a long dataset approach. The long
dataset divides follow-up time into smaller increments and can be considerably
large, which makes bootstrapping the confidence intervals computationally inten-
sive.

Interpretations of associations in the competing risk setting require careful con-
sideration. As explored in our simulation study, is possible for a variable to appear
to have an association with an event’s cumulative incidence function, when in fact
it is associated with the competing event’s cumulative incidence function. Analyz-
ing the cumulative incidence functions of both events, rather than only focus on
one event, enables capturing the entire picture. (Beyersmann et al., 2011) In our
illustrative example, we found smoking status and prior diabetes had inverse as-
sociations with the lifetime risk of atrial fibrillation using the pseudo-observation
approach. The Fine-Gray and flexible parametric model included a significant in-
teraction between smoking status and log(time), thus illustrating how the asso-

ciation with the cumulative incidence function is changing with time. In these
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models, we see smoking status is highly, positively associated with death. As in-
dividuals die, they are no longer at risk of developing atrial fibrillation, hence the
inverse associations in the atrial fibrillation models.

Our simulation study compared three methods, but was not exhaustive of all
methods for modeling the cumulative incidence function. In Section 1, we de-
scribed several alternative models for modeling the cumulative incidence function,
which could be fit to obtain predictions of the lifetime risk at 7. Furthermore, the
cumulative incidence function can also be estimated with other approaches to the
flexible parametric model. For example, one can fit a flexible parametric model for
each log cumulative cause-specific hazard or for the cause-specific cumulative in-
cidence function using a direct likelihood approach. (Hinchliffe & Lambert, 2013;
Mozumder et al., 2018)

Grand et al. (2019) studied the performance of pseudo-observations for the sur-
vival function and restricted mean survival time in the presence of left truncation,
but not the cumulative incidence function. Grand et al. (2019) considered two
methods of calculating the pseudo-observations, using either the total sample size
or a 'stopped” approach with the number of entries at each timepoint. Our results
confirm their finding that using the number of entries, rather than the total sam-
ple size, performs better. When predicting the lifetime risk, we avoid issues that
may usually arise with left truncation, such as small numbers at risk at early event
times. However, such issues may arise in other applications.

Jacobsen & Martinussen (2016) and Overgaard et al. (2017) recently examined
the asymptotic properties of pseudo-observations and found that the sandwich
estimator of the variance is biased, although the bias is small in many applica-

tions. Overgaard et al. (2018) proposed an alternative variance estimator, which



118

was found to perform well in large samples but poorly in smaller samples. Here,
we only consider the sandwich estimator variance, so our results may be conser-
vative. However, the pseudo-observation model demonstrated adequate coverage
in our simulation study.

There are several limitations to our approach. First, it may take a long time to
compute the pseudo-observations in larger datasets. However, once the pseudo-
observations are computed, any number of models can be fit. Second, while jack-
knifing one timepoint is advantageous for the lifetime risk, we are not modeling
earlier timepoints. Third, here we consider risk factors in mid-life, but have not
extended the models to account for risk factors which may change over time. Fi-
nally, we assume that left truncation and right censoring are independent of the
event time and covariates. Dependent truncation or censoring could be accommo-
dated by modeling pseudo-observations of a modified Aalen-Johansen estimator
or adjusting for the entry time as a covariate.(Lok et al., 2018; Stegherr et al., 2020;
Pencina et al., 2007)

In conclusion, our approach using pseudo-observations produces unbiased
predictions of the lifetime risk and allows hypothesis testing directly on the life-
time risk, rather than the cumulative incidence function. Furthermore, by focusing
on one age T, we avoid specifying complex patterns over time, such as the baseline

subdistribution hazard function or time-varying associations.
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CHAPTER 6

Discussion

6.1 SUMMARY

In summary, we provide new methods to estimate the RMST, RMTL, and lifetime
risk. We address statistical challenges for the RMST common in observational
studies or non-randomized clinical trials, including an IPW estimator to adjust
for covariates, the parametric g-formula with multiple imputation and linear in-
terpolation for time-varying confounding, and an IPW estimator and IPCW re-
gression model to account for competing risks. Our IPW estimator for the RMST
is unbiased, and well as our IPW estimator and IPCW model for the RMTL with
competing risks. We also demonstrated how to estimate the RMST while account-
ing for time-varying confounding using the parametric g-formula, and address
missing data challenges which arise with multiple risk factor measurements. We
also developed a regression model for the lifetime risk that is unbiased and pro-
vides direct inference for the lifetime risk. Our method outperforms models for
the cumulative incidence function to predict lifetime risk, such as the Fine-Gray
and flexible parametric model, in settings with crossing or converging cumulative
incidence functions.

We apply our methods to AF and coronary heart disease in observational data
from the Framingham Heart Study. However, our methods are broadly applica-
ble to other diseases or applications outside of cardiovascular research, and may
be used for covariate adjustment to gain precision in randomized controlled trials.
Moreover, our illustrative examples focused on exposure-disease relationships, but

the proposed methods are applicable to non-randomized studies of treatment ef-
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fects. Our methods also improve overall interpretation of absolute effect measures,

which improves our understanding of AF epidemiology.

6.2 COMPARISON OF OUR METHODS WITH EXISTING METHODS

As discussed in Chapter 2, there are several existing regression models which can
be used to estimate the adjusted RMST conditional on covariates. These models in-
clude generalized linear models for the RMST estimated with pseudo-observations
or IPCW, as well as generalized linear models for the log cumulative hazard func-
tion with restricted cubic splines for time.(Andersen & Pohar Perme, 2010; Tian
et al., 2014; Royston & Parmar, 2013) As demonstrated in our simulation study, the
pseudo-observation and IPCW approaches are identical in the absence of right-
censoring. Direct models for the RMST allow parameters with direct interpreta-
tions for the RMST, such as the difference or ratio in RMST. These methods assume
the event and censoring times are independent, but have been extended to address
dependent censoring.(Schaubel & Wei, 2011) For instance, one can estimate the IPC
weights with a Cox model conditional on covariates or derive pseudo-observations
of a modified Kaplan-Meier estimator. Similarly, as discussed in Chapter 4, one
can model the adjusted RMTL conditional on covariates in the presence of com-
peting risks. Andersen (2013) introduced a generalized linear model for the cause-
specific RMTL estimated with pseudo-observations. In Chapter 4, we introduced
the IPCW model for the cause-specific RMTL, which reduces to Tian et al. (2014)’s
model in the absence of competing risks.

In contrast, one can model the hazard and transform the estimated hazard to
predict the RMST for a covariate profile.(Chen & Tsiatis, 2001; Karrison, 1987) Flex-

ible parametric models are an appealing alternative to the Cox model framework
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due to their use of restricted cubic splines, which can readily incorporate more
complex baseline hazards or non-proportional covariate effects. While parameters
of various hazard models do not have a direct interpretation on the RMST, the
flexible parametric model allows inference on the RMST via the delta method. In
theory, one could estimate the RMTL in the presence of competing risks by mod-
eling all cause-specific hazards or the cause-specific subdistribution hazard. To
our knowledge this has yet to be explored using Cox and Fine-Gray models, but
Mozumder et al. (2020) describes estimating the RMTL using flexible parametric
models in work under review.

Unlike the regression methods, our IPW approach in Chapter 2 estimates the
marginal RMST and is congruent with the original concept non-parametric RMST
estimator as the area under the Kaplan-Meier curve. Our IPW approach in Chapter
4 estimates the marginal, cause-specific RMTL and mirrors this concept by taking
the area under an adjusted Aalen-Johansen cumulative incidence curve. For both
the RMST and RMTL, the IPW approach is better suited for binary or categorical
exposures of interest, while the regression models can accommodate continuous
exposures or examining several variables simultaneously.

If the marginal RMST or RMTL difference is solely of interest and one has an ex-
posure of interest in mind, we recommend our IPW approach. Our IPW approach
is unbiased for the marginal difference in RMST and RMTL, and corresponds with
IPW-adjusted Kaplan-Meier or cumulative incidence curves.(Xie & Liu, 2005; Choi
et al.,, 2019) An alternative approach to estimate the marginal RMST difference
would be to fit a hazards model, obtain subject-specific conditional survival pre-
dictions at each timepoint when exposed and unexposed, average the predictions

to obtain marginal survival curves, and take the area under these marginal sur-
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vival curves.(Herndn, 2010) With large sample sizes and numerous event times,
this approach may be computationally intensive. In contrast, our IPW approach
involves fewer steps to estimate the marginal RMST or RMTL difference. We also
provide a formula for the RMST variance.

If the conditional RMST or RMTL difference is solely of interest, we recom-
mend either the pseudo-observation or IPCW models due to their advantage of
estimating model parameters directly interpretable for the RMST without trans-
formation. The two methods perform similarly, but in small sample sizes or in the
presence of little right-censoring, the IPCW model may give unstable estimates
due to instability of the estimated IPC weights.

If one is interested in obtaining various measures of association with a unified
statistical approach (such as the HR, RMST difference, and cumulative risk differ-
ence), we recommend the flexible parametric cumulative hazard model.(Royston
& Parmar, 2013) The flexible parametric model allows estimating multiple mea-
sures of associations by including a parameter for the baseline hazard. Inference
can be performed with the delta method. Some model selection is advised to en-
sure the splines fit the data well, which may become complex when considering
covariate-time interactions.(Rutherford et al., 2015) As of now, predicted RMST
using flexible parametric models has only been explored in the absence of com-
peting risks but we look forward to new developments which address competing
risks.(Mozumder et al., 2020)

Chen & Tsiatis (2001) demonstrated how to estimate the difference in RMST
by fitting stratified Cox models, thus avoiding the proportional hazards assump-
tion for the exposure of interest. This approach may be appealing to researchers

familiar with the Cox model, and could also be used to calculate hazard ratios
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or cumulative risk differences. However, this approach does not easily extend to
continuous exposures.

In Chapter 3, we discussed estimation of the marginal RMST difference with
time-varying confounders using the parametric g-formula. Software exists to re-
port RMST using the parametric g-formula, but to our knowledge, the estimation
of RMST had not been described in detail.(Logan et al., 2018) The parametric g-
formula assumes equally spaced intervals, which may be unrealistic for some data
types. While this assumption may have minimal consequence when estimating
risk, the RMST is on the time scale and requires logical time increments. We de-
scribed linear interpolation of covariates at yearly increments in order to apply the
parametric g-formula to FHS data with unequally spaced examinations.

Other methods exist to account for time-varying confounding. Recently, Hagi-
wara et al. (2019) introduced g-estimation of a structural nested RMTL model.
Robins et al. (2000) and Naimi et al. (2017) introduced marginal structural models
for the survival function, estimated by Cox models with time-varying IP weights;
in theory, one could take the area under the marginal survival curves to estimate
the RMST difference but this has not been done to our knowledge. It would be
interesting to compare these approaches in estimating the RMST or RMTL while
accounting for time-varying confounding.

In Chapter 5, we introduced a direct regression model for the lifetime risk using
pseudo-observations. Beiser et al. (2000) previously described a non-parametric
estimator of the lifetime risk which allows delayed entries, based on estimators
introduced by Gaynor et al. (1993) and Dinse & Larson (1986). However, to our
knowledge there were no methods for multivariable regression modeling of the

lifetime risk. Instead, one could model the cumulative incidence function and pre-
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dict the lifetime risk at a fixed age, 7.(Fine & Gray, 1999; Lambert et al., 2017) Klein
& Andersen (2005) and Graw et al. (2009) previously used pseudo-observations
of the Aalen-Johansen estimator to model the cumulative incidence function over
a grid of timepoints, instead of the residual lifetime risk at age 7. Our approach
using pseudo-observations produces unbiased predictions of the lifetime risk and
allows hypothesis testing directly on the lifetime risk, rather than the cumulative
incidence function. By directly modeling the lifetime risk at the age of interest, T,
we avoid specifying complex patterns over time, such as the baseline subdistribu-

tion hazard function or time-varying associations.

6.3 LIMITATIONS AND FUTURE WORK

In Sections 2.6 and 4.7, we discussed limitations of the IPW-adjusted RMST and
RMTL difference. One of these limitations is the possibility of extreme IP weights,
which may lead to unstable estimators of the RMST and RMTL difference. Extreme
weights can arise when the distributions of IP weights in each exposure group
demonstrate poor overlap.(Li et al., 2018, 2019) For instance, in Chapter 2 the IP
weights for total cholesterol demonstrate poor overlap in both men and women.
Li et al. (2018) proposed overlap weighting as an alternative approach to adjust
for confounders. Overlap weighting is used to estimate a different estimand, the
average treatment effect of the overlap population. In contrast, IPW is used to
estimate the marginal or average treatment effect.

If the exposure groups of interest demonstrate poor overlap, one might con-
sider using overlap weights to instead estimate the average treatment effect of the
overlap population. One could then estimate adjusted RMST or RMTL differences

by using the overlap weights instead of IP weights using our proposed estima-
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tors. To our knowledge, overlap weights have not been previously applied to the
difference in RMST or RMTL.

Furthermore, it is possible to improve both the IP weights and IPC weights in
Chapters 2 and 4 by using augmented weights.(Steingrimsson et al., 2016; Zhang
& Schaubel, 2012b) Augmented weights incorporate two different estimates: an es-
timate of the propensity score (for example with a logistic model), and an estimate
of the outcome conditional on covariates. Therefore, the resulting estimator is less
prone to bias, more efficient, and doubly robust.

In Chapters 2 and 3, we did not consider the competing risk of death. From our
results in Chapter 4, it is possible that ignoring the competing risk leads to overes-
timating the risk of AF and RMST (time alive and AF-free). Thus, Chapter 4 is an
evolution of the methods proposed in Chapter 2 for time-to-event outcomes other
than overall mortality. It would be interesting to further investigate the parametric
g-formula for the cumulative incidence function, calculation of the cause-specific
RMTL difference, and any challenges which may arise. For instance, Austin et al.
(2020) described how time-varying covariates present challenges with Fine-Gray
models for competing risks data as the covariates are not observed after death.

In Section 5.7, we described limitations to our regression model for the lifetime
risk. Briefly, calculation the pseudo-observations may be computationally inten-
sive in larger datasets and assume the left truncation and right-censoring times are
independent of the event time. Furthermore, there is little guidance on performing
model selection or assess model fit when fitting the pseudo-observation model.
Pavli¢ et al. (2019) described an approach by assessing the influence function of
the pseudo-observations. Sachs et al. (2019) applied the SuperLearner algorithm,

an ensemble of machine learning algorithms with cross-validation, to pseudo-
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observations of the cumulative incidence function. Since the pseudo-observations
are observed for each individual, they can be used in machine learning algorithms
for continuous data instead of algorithms for right-censored survival data. It
would be interesting to apply the SuperLearner algorithm or other machine learn-
ing methods to our pseudo-observation model for the lifetime risk, and perform

variable selection for the lifetime risk of AF.



Hazard

PH

Non-PH, Curves Cross

Non-PH, Early Difference

127

APPENDIX A

Appendix to Chapter 2: adjusted restricted mean survival times

Figure A.1: Weibull hazard functions defining simulation scenarios
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Figure A.2: Weibull survival functions defining simulation scenar-
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Figure A.3: Relative bias in simulation study for inverse probability
weighting, ANCOVA-type, and pseudo-observation methods, sam-
ple size n=1000
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Figure A.4: Mean squared error in simulation study for inverse
probability weighting, ANCOVA-type, and pseudo-observation
methods, sample size n=1000
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Figure A.5: Coverage in 95% confidence intervals in simula-
tion study for inverse probability weighting, ANCOVA-type, and
pseudo-observation methods, sample size n=1000
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Figure A.6: Relative error in model-based standard errors in simu-
lation study for inverse probability weighting, ANCOVA-type, and
pseudo-observation methods, sample size n=1000
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Figure A.7: Relative bias in simulation study for inverse probability
weighting, ANCOVA-type, and pseudo-observation methods, sam-
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Figure A.8: Mean squared error in simulation study for inverse
probability weighting, ANCOVA-type, and pseudo-observation
methods, sample size n=500
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Figure A.9: Coverage in 95% confidence intervals in simula-
tion study for inverse probability weighting, ANCOVA-type, and
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Figure A.10: Relative error in model-based standard errors in sim-
ulation study for inverse probability weighting, ANCOVA-type, and
pseudo-observation methods, sample size n=500

Weak, 3,=log(1.25) Moderate, (3,=log(1.5) Very Strong, (3,=log(2.0)

I
o
n 8 | R NG 8 8 |
o o o
o
S
(N 3 2 2
ko] 7 T T T 1 7 7
e
_(g 0.05 0.20 0.30 0.40 0.50 0.05 0.20 0.30 0.40 0.50
3
© © ©
h g &7 8 5 e
T 2
@
a2 o
T o
m 2
L 3
o -
8%5-'\;'/'7['\"\ 8 A o §-;)'\"’7['\\:,
Z 5
£ =z 38 3 3 4
o o o
—_ 1 [ 1
g 0.05 0.20 0.30 0.40 0.50 0.05 0.20 0.30 0.40 0.50 0.05 0.20 0.30 0.40 0.50
L
g 8 ¢_ g g _
Z 5 s N S
8 5
o E
x o
>
S
w
Eg_ g 8 =l e A
IC o o o D\/
o
z s 3 2
? 7 T T T 1 7 T T T 1
0.05 0.20 0.30 0.40 0.50 0.05 0.20 0.30 0.40 0.50 0.05 0.20 0.30 0.40 0.50
Proportion of Exposed
—_— IPW ANCOVA-type = Pseudo-Observation
. . . ModSE—EmpSE
Note: The relative error is defined as TSEP' where ModSE =

EmpSE = /5= L (0 — ).

Nsim



137

Figure A.11: Relative bias in simulation study for inverse proba-
bility weighting, ANCOVA-type, and pseudo-observation methods,

Relative Bias
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Figure A.12: Mean squared error in simulation study for inverse
probability weighting, ANCOVA-type, and pseudo-observation
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Figure A.13: Coverage in 95% confidence intervals in simula-
tion study for inverse probability weighting, ANCOVA-type, and

Coverage
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Figure A.14: Relative error in model-based standard errors in sim-
ulation study for inverse probability weighting, ANCOVA-type, and
pseudo-observation methods, sample size n=250
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APPENDIX B
Appendix to Chapter 3: adjusted restricted mean survival times with

time-varying confounding

Non-obesity Intervention

ID time BMI,  BMIl,,  HF HFy., AF
1 0 29 32 0 0 0
1 1 29 29 0 0 0
1 2 29 29 0 0 1
2 0 24 24 0 0 0
Observed Data
2 1 25 24 0 0 0
time BMI,  BMI.,  HF HFy 1 AF
2 2 24 25 0 0 0
0 33 32 0 0 0
3 0 29 28 0 0 0
1 35 33 1 0 0
3 1 29 29 0 0 0
2 36 35 1 1 1
0 24 24 0 0 0 . .
Obesity Intervention
1 25 24 0 0 0
2 24 25 0 0 0 ID time BMI, BMI,; HF, HF AF
0 29 28 0 0 0 1 0 33 32 0 0 0
1 a1 29 0 0 0 1 1 35 33 1 0 0
1 2 36 35 1 1 1
2 0 30 24 0 0 0
2 1 30 30 0 0 0
2 2 30 30 1 0 0
3 0 30 28 0 0 0
3 1 31 30 0 0 0

Figure B.1: Diagram of g-formula Monte Carlo simulation
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All study participants (n=9,264)
Original (exams 11-28, n=4,243)

Offspring (exams 2-9, n=5,021) Did not attend oxam

at age 45-55 (n=4,912)
Original, n=3,397
Offspring, n=1,515

Attended exam at age 45-55 (n=4,455)

Original, n=846
Offspring, n=3,609 Prevalent AF (n=31)
Original, n=>5
> Offspring, n=26
No follow-up (n=32)

AF-free at entry with follow-up (n=4,392) Offspring, n=32
Original, n=841
Offspring, n=3,551

Figure B.2: Flow diagram of study participants
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r?n_ — Intervention group r?n_ — Intervention group
= =
—— Non-obese —— Non-obese
—— Natural course —— Natural course
0 ©
oS =)

Cumulative risk of AF
0.10
L
Cumulative risk of AF
0.10
1

0.05
L
0.05
L

0.00
L
0.00
L

0 2 4 6 8 10 12 14 16 18 20 0 2 4 8 8 10 12 14 16 18 20

Time from baseline (years) Time from baseline (years)
Numbers at risk Numbers at risk

Non-obese 2047 2019 1970 1929 1865 1767 1689 1595 1438 1248 1100 Non-obese 2345 2328 2296 2263 2213 2139 2097 2014 1849 1659 1483

Natural course 2047 2019 1970 1929 1865 1767 1689 1595 1438 1248 1100 Natural course 2345 2328 2296 2263 2213 2139 2097 2014 1849 1659 1483

Figure B.3: G-formula survival probabilities for cumulative risk of
atrial fibrillation comparing simulated obese and non-obese popula-
tions in males (left) and females (right)
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APPENDIX C
Appendix to Chapter 4: adjusted restricted mean time lost in the presence of

competing risks
C.1 ASYMPTOTIC VARIANCE OF IPCW ESTIMATING EQUATION

Following Tian et al. (2014) and Bang & Tsiatis (2000, 2002), we leverage martingale

identities
5y [ dMiw)
G(Xi)) o G(u)’
%_1_ tG(u—) dMe(u)
(t) o G(u) Y(u)’
and

The estimating equation evaluated at the truth B¢ can be written as asymptotically

linear,

n*l/ZU(IBO)

_ n_l/zi_il{é((sli{i) + SR G } ZH{(t—Ry) - 1(e;=1) — g ' (Z;B)}

1

(
| 5 [ G(R) —G(Ry)
L _G(Ri)+é(Ri){ G(R)) }

| T dM¢ (u) 5; Ri G(u—)dME (u)
=L ) oW c;(m{/o G Y () H

ZH{(t—Ri)-1(es =1) — g (Z}B)}

_|_
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=02 Y [ (2= Ry He = 1) = g (2200} = R(Bo,u)

— 12 f ZH{(t—R) I(e;i=1)— g ' (Z;Bo)}
i=1

Y [ R de = 1) - g (Z50) — k(B )] T
where
RiBo) = o 2 G(‘Zi) (23 {(r —R) - I(ei = 1) — ¢ (Z7B0)} (R > w)]
and
K(Bo, ) = 5o E [Z0{(r = R) - 1(ei = 1) — g™ (ZiBo) H(R; > w)].

The first two terms are independent due to martingale properties, so

var(n 12U (Bo))
= E [Z;®2{(T — Ri) . I(ei = 1) — g_l(ﬁOZ;)}z]

s [T | (20 - R) e = 1) - g (Bo2)} — K(Bo,) (R 2 )] T

G(u)
(C.1)

Then, var{n~/2(3 — Bo)} = A"'BA~! where B is the variance of the estimating

equation (C.1) and

A=E |z 1

-1 *
7 Eg (Zz ,60) .
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~1BA-1 in which

N

This covariance matrix can be estimated by

and

=1 G(Rl) .
L S/1 * — - * 3 (3 “2
+/0 E;G(R,) [Zi{(T—R,) Ie;=1)—g Y2z B)—K(ﬂ,u)}}
x I(R; > u)dgzil)l),

u).
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C.2 PARAMETERS FOR DATA GENERATION IN SIMULATION STUDY OF
IPCW REGRESSION MODEL

Table C.1: Gompertz parameters for data generation in simulation
study of IPCW regression model

Proportional subdistribution hazards, T = 365 days

0 v Zy Zp RMTL py(7), years RMTL uy(7), days
-2.8 1546588 1 1 0.30 109.5
29 2291237 1 0 0.40 146.0
-1.4 1952647 0 1 0.45 164.25
-1.7 2879494 0 O 0.55 200.75

Non-proportional subdistribution hazards, T = 365 days

0 Y Zy Zy RMTL pi(7), years RMTL uq(7), days
-1.7 1213444 1 1 0.30 109.5
-1.7 1770851 1 0 0.40 146.0
-1.7 2096025 0 1 0.45 164.25
-1.7 2879494 0 O 0.55 200.75

To assess the IPCW model, we generated competing risks data dependent on 2 binary covariates
(Z1,Z3). We set the true unadjusted difference in RMTL at T = 365 days, (B1,B2) =

{1112, (T) = 1,02, (T), (B1,2,1(T) — p1,2,0(7) }-

C.3 ADJUSTED RESTRICTED MEAN TIMES LOST BY SEX FROM ILLUS-
TRATIVE EXAMPLES

For the IPCW models, we predicted the RMTL for each sex with a least squares
means approach by summing the estimated model coefficients at the mean value

for continuous covariates and the sample proportion for binary covariates.
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Table C.2: Adjusted RMTLs for 40-year incident atrial fibrillation by

sex.

RMTIL, years
Estimators accounting for competing risks AF Death without AF
Males IPW 6.74 (5.98, 7.49) 9.74 (8.90, 10.57)
IPCW regression model 6.64 (5.78,7.51) 8.95 (8.17,9.74)
Females IPW 5.33 (4.73,5.93) 7.48 (6.86, 8.10)
IPCW regression model 7.07 (6.37,7.78) 7.71 (7.06, 8.37)

RMTL, years
Estimators not accounting for competing risks AF Death without AF
Males IPW 9.50 (8.55,10.45) 12.07 (11.18, 12.97)
IPCW regression model 10.85 (9.87,11.82) 12.80 (12.00, 13.60)
Females IPW 6.67 (5.96, 7.39) 9.15 (8.48,9.81)
IPCW regression model 12.08 (10.86, 13.29)  10.83 (10.03, 11.63)

AF: atrial fibrillation. IPW: inverse probability weighted. IPCW: inverse probability of censoring weighted.

Table C.3: Adjusted RMTLs for 10-year cause-specific death after

atrial fibrillation by sex.

Estimators accounting for competing risks

RMTL, years

CVD death

Non-CVD death

Males IPW

IPCW regression model
Females IPW

IPCW regression model

1.62 (1.40, 1.84)
1.58 (1.28, 1.89)
1.44 (1.17, 1.70)
1.39 (1.05, 1.73)

2.13 (1.88, 2.37)
2.13 (1.85,2.41)
1.79 (1.51, 2.08)
1.76 (1.4, 2.09)

Estimators not accounting for competing risks

RMTL, years

CVD death

Non-CVD death

Males IPW

IPCW regression model
Females IPW

IPCW regression model

1.95 (1.70, 2.19)
2.50 (2.28, 2.72)
1.66 (1.37, 1.95)
2.16 (1.89, 2.43)

2.47 (2.20,2.73)
3.01 (2.76, 3.25)
2.04 (1.73, 2.35)
2.49 (2.20,2.78)

CVD: cardiovascular disease. IPW: inverse probability weighted. IPCW: inverse probability of censoring
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APPENDIX D
Appendix to Chapter 5: regression model for the lifetime risk using

pseudo-observations

D.1 ILLUSTRATION OF NON-PROPORTIONAL SUBDISTRIBUTION
HAZARDS WITH PROPORTIONAL CAUSE-SPECIFIC HAZARDS
Let the cause-specific hazards take Weibull form, a1(t;Z) = ;Tlltal_leﬂz and
1
a(tZ) = ;Tzzt’lfleﬁz, where Z is a binary covariate with a proportional effect
on both cause-specific hazards. The all-cause cumulative hazard is A(;Z) =

%me%z + b—zaze’“Z . The proportional effect of Z on the cause-specific hazard can

be verified by deriving the cause-specific hazard ratio (CSHR),

M yay—1,m1
a(Z=1) o _
w1 (t;Z =0) ;Tlltalfl ’

1

The subdistribution hazard can be represented as a function of the cause-specific

hazard, Aq(t) = ocl(t)/(lﬁ—gz(—g?), where F(t) = fOtS(u)(xk(u)du = 1-

exp(— fot Ar(u)du). The subdistribution hazard ratio (SDHR) is then

F(tZ =1
a(EZ=1)/ (Hﬁ) 1+Fz(t;Z=0)
:e’h

MEZ=1) | S(5Z =0)
M(EZ=0) E(tEZ=0 E(tZ=1
i (5Z =0)/ (1 + —52((:,-2 - 0))) 1+ —;((t;z — 1))

The SDHR is not constant, but equal to the CSHR multiplied by a function of time.
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D.2 TABLES AND FIGURES

Atrial fibrillation Death without atrial fibrillation

@) @) @ @)

0.6
1

0.4

Cause-specific hazards
0.4 0.0

0.2

®) (6) ®) (6)

Cumulative incidence
0.6

0.2 0.4
1

0.0

Subdistribution hazards
0.6
1

0.2

0.0
L

Age

— 7z=1 - - 7=0

Figure D.1: True cumulative incidence functions in simulation study
of lifetime risk
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Table D.3: Participant characteristics at index age

55 in the Framingham Heart Study

Risk factor n=5,613
Age at entry, years 55.68 (1.03)
Male 2,660 (47.39)
Systolic blood pressure, mmHg  125.78 (17.09)
Diastolic blood pressure, mmHg  78.46 (9.85)
Hypertension medication use 1,227 (21.86)
Smokers 1,186 (21.13)
Alcohol use, elevated 474 (8.44)
Body mass index, kg /m? 27.68 (5.29)
Prior diabetes 426 (7.59)
Prior heart failure 19 (0.34)
Prior myocardial infarction 135 (2.41)

Values are means (standard deviation) or frequency (%).

Difference (Group 1 — Group 0)

Group 1 Group 0
Setting (2, 3,4, 6,7, 8) Setting (2, 3, 4, 6,7, 8)
— Sample size (500, 1000) 1.0 - Sample size (500, 1000)
Censoring g (25%, 75%) Censorin g (25%, 75%)
Left truncation (50%, 80%) Left truncation (50%, 80%)
0.8
0.6
0.4
0.2
.y N Im K
,L.__‘__,_Ll',u:f..fm~lq;;t’-';mﬂ= 0.0,7.-—-[_.-\...»'——‘—;—‘— i - P
LI Mp|
0.2

1.0

0.8 1

0.6

0.4 1

0.2

0.0

-0.2

Setting (2, 3,4, 6,7, 8)
Sample size (500, 1000)
Censorin q (25%, 75%)
Left truncation (50%, 80%)

M e
f L i

::r.’.'FJ"ﬁ}"””T'

Pseudo-observation
Flexible parametric

Fine-Gray

—— Fine-Gray, log(time) interaction

Figure D.2: Nested loop plot showing the simulation study results:

relative bias
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