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Abstract

Rising medical costs are an emerging challenge in policy decisions and resource allocation
planning. When cumulative medical cost is the outcome, right-censoring induces informative
missingness due to heterogeneity in cost accumulation rates across subjects. Inverse-weighting
approaches have been developed to address the challenge of informative cost trajectories in mean
cost estimation, though these approaches generally ignore post-baseline treatment changes. In
post-hysterectomy endometrial cancer patients, data from a linked database of Medicare records
and the Surveillance, Epidemiology, and End Results program of the National Cancer Institute
reveal substantial within-subject variation in treatment over time. In such a setting, the utility of
existing intent-to-treat approaches is generally limited. Estimates of population mean cost under a
hypothetical time-varying treatment regime can better assist with resource allocation when
planning for a treatment policy change; such estimates must inherently take time-dependent
treatment and confounding into account. In this paper, we develop a nested g-computation
approach to cost analysis to address this challenge, while accounting for censoring. We develop a
procedure to evaluate sensitivity to departures from baseline treatment ignorability. We further
conduct a variety of simulations and apply our nested g-computation procedure to two-year costs
from endometrial cancer patients.

1 INTRODUCTION

Cancers of the endometrium comprise approximately 92% of cancers of the uterine body or
corpus; it was estimated that nearly sixty-thousand new cases of endometrial cancer would
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be diagnosed in the U.S. in 2018 and over ten-thousand died from cancers of the uterine
body (American Cancer Society, 2018). Current policy changes enacted by the U.S.
government through the Medicare Access and CHIP Reauthorization Act (2015) and the
Quality Payment Program (2017) have stimulated payers and health care providers alike to
develop new reimbursement plans based not merely on the provision of service, but on
potential successes and failures incurred by the patients and providers. While the
overarching principle is to provide the best care possible for less cost, the act of determining
overall cost for the past and the future remains the immediate goal. Given the recent rise in
medical costs, studies to estimate mean medical costs in endometrial cancer patients are of
value for budgeting and planning purposes (Papanicolas et al., 2018; Dieleman et al., 2017).
In the ideal case, such studies would include data on lifetime post-intervention medical
costs; this is generally impractical, so prior studies in other disease areas have identified
cumulative cost until either death or some fixed bound on time—whichever comes first—as
a suitable outcome measure, thus creating three categories of participants: (1) those who die
prior to the fixed upper bound on time and hence have complete cost outcomes observed, (2)
those for whom their censoring time occurs after the upper bound and hence have complete
cost data, and (3) those for whom their censoring time occurs prior to the upper bound and
hence have incomplete cost data (Herridge et a/., 2011; Liao et a/., 2006).

Incomplete follow-up data poses subtle challenges in analyzing cost outcomes. When a
subject’s survival time is censored, so too is her cumulative cost outcome. Well understood
approaches such as the Kaplan-Meier method and the Cox proportional hazards model,
despite their utility when seeking to account for right-censoring in time-to-event data, are
not appropriate when the outcome of interest is cumulative cost. Due to the heterogeneous
nature of cost accumulation across individuals, the cumulative cost at the time of censoring
is generally not independent of the theoretical total cost over the fixed time interval of
interest, even if the censoring time is itself completely independent of the time to death or
study completion (illustrated in Figure 1). We refer to this challenge as one of informative
cost trafectories. Because of this challenge, analyzing medical cost as if a time-to-event
measure is therefore a fundamentally flawed strategy.

Recognizing this challenge, Lin et al. (1997) proposed an estimator for mean costs,
expressed as a sum of products of the Kaplan-Meier estimator for death/survival and suitable
estimators for mean costs within defined time intervals. Bang and Tsiatis (2000) altered this
estimator such that desirable asymptotic properties could be achieved under weaker
assumptions, whereby mean costs are estimated within discrete intervals using inverse
probability-of-censoring weights based on the Kaplan-Meier estimator. This method was
then broadened by Lin (2000, 2003) to compare costs across levels of a predictor of interest,
such as treatment. Johnson and Tsiatis further consider the setting of variable (and
potentially informatively censored) treatment duration (2004; 2005). Li et al. (2016)
proposed the inclusion of inverse probability-of-treatment weights (IPTW) as one of several
ways to address measured confounding, and further improved upon existing methods by
adopting a super learner algorithm to accommodate complex cost distributions. Other
common statistical challenges encountered when modeling cost outcomes include handling
zero-costs, right-skewness, and censoring; these can be addressed using a variety of
regression and likelihood approaches.
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Previously developed approaches only consider treatment at a single time and are therefore
intent-to-treat in nature. Current considerations in endometrial cancer motivate the formal
development of approaches to account for within-subject variation in treatment. Endometrial
cancers are ordinarily treated initally with surgery (e.g., hysterectomy); depending upon
other factors, adjuvant radiation or chemotherapy may be a component of treatment in the
months following surgery (American Cancer Society, 2016). Emerging insights into a
patient’s care over time (e.g., comorbidity measures) will bring forth modifications to her
treatment plan in a fashion that is in keeping with concurrent best practices. Since a patient’s
cumulative medical cost is influenced by treatment previously received, changes in treatment
obscure our ability to easily estimate the monetary resources that would need to be allocated
to endometrial cancer patients. Namely, consideration of baseline treatment is insufficient
for this purpose.

Based on the linked database of Medicare records and the Surveillance, Epidemiology, and
End Results program of the National Cancer Institute (henceforth referred to as the SEER-
Medicare data), treatment modifications are fairly common over the first two years post-
hysterectomy (Figure 2). Existing approaches to estimate mean cumulative cost using these
data estimate mean costs conditional on baseline treatment status and would, in effect,
disregard post-baseline treatment modifications. Since, for instance, only 10% of women in
the SEER-Medicare data receiving chemotherapy within the first two years following
surgery actually receive it within the first month, the practical relevance of such an estimand
remains dubious. Instead, it would be of broader clinical interest to estimate a parameter that
better aligns with a proposed policy change (i.e., the population mean cost post-surgery in
the hypothetical setting where all patients receive a particular treatment). In the wake of an
emerging policy change, such an estimate would be of great assistance for resource
allocation, whereas an ad fioc modifications to approaches considering only baseline
treatment status would most likely not. For instance, to retroactively consider a patient who
is treated at any time as if she were treated at baseline could result in substantial bias.
Existing approaches further presume censoring times are non-informative of death times
conditional on observed baseline covariates, rather than time-updated covariates. Such strict
assumptions regarding the censoring mechanism can pose further serious limitations to the
interpretability of results.

This manuscript focuses on the development of methodology to elucidate mean costs under
longitudinal (non-dynamic) treatment regimes in the real-world setting of time-dependent
treatment and confounding. In the development of these methods, we also seek to
accommodate the challenges of time-updating risks of censoring and death. We base this
work on the g-formula and g-computation, a framework used to estimate marginal means
under entire time-dependent treatment regimes. (Robins, 1986; Neugebauer et a/., 2006;
Snowden et al., 2011). The parametric g-formula has been increasingly employed in various
clinical areas in recent years to address time-dependent treatment and confounding (Cole et
al., 2013; Taubman et al., 2009; Young et al., 2011; Westreich et al., 2012). Previously, we
introduced the idea of g-computation to illustrate the difference between intention-to-treat
and as-treated causal effects in cost settings (Spieker et al., 2018). In this paper, we develop
what we refer to as the “nested g-formula” to handle outcomes like cumulative cost that are
sums of repeated measures that themselves serve as time-dependent confounders of
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longitudinal treatment. As will be made apparent in the sections that follow, it will be
necessary to modify the g-formula to admit reasonable assumptions regarding censoring and
death. In addition, we develop a sensitivity analysis for departures from the ignorability
assumption; carry out simulation studies to assess the performance of the method; and we
carry out a thorough data analysis of the endometrial cancer data set.

The remainder of this paper is organized as follows. In Section 2, we motivate the challenges
associated with estimating population-mean costs with time-dependent treatment and
confounding when there is censoring and death. In Section 3, we present our nested g-
computation approach to address these challenges in the analysis of cost data with repeated
outcome measures. We also develop a procedure to evaluate sensitivity of results to
departures from the assumption of treatment assignment ignorability at baseline. In Section
4, we empirically compare the nested g-formula to existing approaches and evaluate the
sensitivity of our model to departures from primary main assumptions, focusing on
misspecification of the cost model. In Section 5, we apply the developed methods to cost
outcomes on women with endometrial cancer from the SEER-Medicare data set. We focus in
this section on sensitivity to departures from major assumptions. We conclude with a
discussion of findings, including study limitations and potential future directions.

2 REAL-WORLD CHALLENGES IN LONGITUDINAL COST DATA

In this manuscript, the primary target of inference involves marginal, population-mean costs
under hypothetical user-specified time-varying treatment regimes. We first lay out the
notation of the manuscript; we then explain the real-world barriers to estimating the target
parameter in longitudinal studies of cumulative cost with censoring.

Let /=1, ..., Mindex study subjects, and let j=1, ... , Jindex equally spaced intervals over
the time range of interest [0, 7]: 0 = g < < z;= z. Let Ajand L ;denote treatment status
(e.g., radiation therapy) and confounders (e.g., comorbidity index and cancer stage) at the
start of interval j respectively, and let Y;denote cost in interval /. In turn, let %, = ¥ ;Y
denote cumulative cost over [0, z]. We use overbar notation to denote variable history (e.g.,
Aj=(A}.....Aj)and A = (Aj, ..., Ay). Analogously, we let A;= (A; ..., Ay, for instance. We
adopt the potential outcomes notation of Rubin (1978), extended by Robins (1986) to permit
time-varying treatment and confounders. Let < denote the set of all possible treatment

regimes, and %2 the potential cost under treatment A = a(@ € «/). Likewise, let L;JT denote the

potential confounder under treatment a. The target of inference, E[??] , can be described as

the mean cost over [0, ] under the hypothetical setting in which the treatment were set to
the value a; identification requires a nonzero probability that the censoring time exceeds
time z, as noted by Lin (2000).

In practice, intermediate costs are influenced by prior treatment status, and in turn influence
future treatment choices. That cumulative costs are only partially observed for censored
patients is therefore a meaningful barrier to the goal of estimating the population mean of
interest, especially (but not only) if the censoring mechanism is related to observed
variables. Figure 3 presents a directed acyclic graph (DAG) in order to illustrate the nature
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of time-dependent treatment and confounding with cumulative cost over three time intervals
as the outcome, with the challenge of censoring in mind.

G-computation was developed by Robins (1986) to address time-dependent treatment and
confounding when estimating marginal means. Therefore, the g-computation framework
seems well suited for the problem of estimating mean costs. Issues surrounding censoring of
sums of intermediate outcomes demand the formulation of more explicit assumptions and
will involve some procedural departures from Robins’ original approach. Additionally, in
certain disease settings (such as cancers), death may occur prior to time zin a fashion that is
not completely random, further complicating estimation of E[?‘;] When a patient dies prior

to censoring, her cumulative cost outcome is observed, though we need to be careful in
defining, interpreting, and estimating this target parameter. By setting treatment to a , we do
not suggest that we are interested in the mean cost in the hypothetical setting under which all
patients are alive over [0, 7] to receive treatment a in its entirety. Rather, we seek to target
the mean cost in the hypothetical scenario in which all patients receive treatment a for as
long as they actually would survive under that treatment. This distinction will become
extremely important in formulating assumptions (Section 3).

3 THE NESTED G-FORMULA FOR COST

Daniel et al. (2013) provide a tutorial on g-computation and how it relates to alternative
causal approaches. We refer the reader to this work for an introduction to the g-formula and
its assumptions. As noted in Section 2, we must formulate additional assumptions specific to

cost. We formalize the necessary identifying assumptions for E[?‘ZJ in Section 3.1, and

introduce the nested g-formula together with an associated Monte-Carlo integration
technique for estimation in Section 3.2. In Section 3.3, we then formalize an approach to
evaluate the sensitivity of estimation to departures from the assumption of no unmeasured
confounding at baseline (i.e., ignorability of baseline treatment assignment).

3.1 Notation and assumptions

Let Cjdenote censoring status at the start of interval / and D, death during interval /. We
assume that D;=1=Y; =0 for j/ >/ (that is, no cost is accumulated after death). Further

let 2 denote the observed interval of death or study completion, whichever comes first; 2¢
will denote its potential value under treatment assignment a. We make the following
identification assumptions:

1 No interference: Y?j 1L Ay, 1<i+#i"<N,Vj(the potential cost history is not
influenced by the treatment assignment of others).

2. Sequential consistency:
(YijLij 2ij) = La e a(Yi L 20)1(A = a) for 1 <i < N,1 < j < J (observed
cost, confounder, and death history are equal to their respective potential values

under a treatment regime that assigns each participant their observed treatment
history).
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3. Positivity: 0 < P(4; | L;, A;_1.Y;_1) < 1,1 < j < J (each potential treatment
regime has nonzero probability of occurrence irrespective of covariate history).

4 Sequentially ignorable treatment:
(Y9 LS4 1) L AjI T, A5, Y, 1,D;_ 1 =0,1<j<J (nounmeasured
confounding; also known as “exchangeability”).

5. Sequentially ignorable censoring:

(X?,L7+ 1) LCj|LjAj_1.Y;_1.C;_1=0,D;j_1=0,1< < J (censoring is
conditionally independent of the potential costs).

6. Conditionally non-informative censoring:
DjLCj|LjA;j_1.Y;,Cj_1=0,Dj_1=0,1<j<J(censoring is conditionally
independent of death).

The latter two assumptions are similar to ignorable treatment, and are a key component of
identifying the target of inference, E|%¢| , on the basis of observed data.

3.2 The nested g-formula

The original g-formula, appropriate for a single outcome measured at the end of the study;, is
an expression for a marginal mean formulated by sequentially invoking the tower property of
expectation in reverse temporal order. Importantly, since a cumulative cost outcome, %, can

be represented as the sum of interval costs (see Section 2), a similar construction can be
invoked in this setting within each single interval; that is, E[ Y| can be represented by
treating Y ; _ ; analogously to the prior confounders, L ;. Hence, we let W ;= (Y1, L ) for

ease of notation, and let any variable with a subscript of zero be, by convention, zero. By
convention, suppose that D; = 1= W; =0 for // > /. Under the identifying assumptions, we

can derive a suitable expression for the mean potential cost in interval /.

E[Y]| =Ew,p,_ I[EYj[YJ | Aj=a,W;=W;C;=0,Dj_1=d;_ 1]]
= Ew,; _1.0;_1[Ew[Ex [¥, | A= @ W, =W, C;= 0.0, = d;_ ]|

=EWj—17Dj—2[EDj—l[ij[EYj[Yj | Kj = 5J,WJ=WJ,CJ= O,Dj_] b d/—l]] (1)

1
=

/]E[Yj|Zj=5j»Wj=Wj’Cj=0’Dj—l =dj—1]
/ _ _

X H J(We=wi | C;=0,D_y=dy_1, A1 =ap_ 1, Wi_1=Wg_1) @
k=1

J
X H (D =di | Ak = a, Wi =W, C; = 0,Y = yy, Dy 1 = dy_1)dd ;dW;.
k=1
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_ a _ _
By linearity of expectation, E|%/¢| = iji \E[¥§], where the expression for E[¥§| is given

above. We refer to this as the nested g-formula, and the process of its estimation as nested g-
computation (the target parameter can be realized as sequential iteration of the g-formula,
whereby in each iteration the previous outcomes and death are treated as confounders).

Ignorability of treatment assignment allows us to plug treatment regime a into this
expression; treatment assignment is not modeled at any stage. The sequentially ignorable
censoring assumption allows us to handle censoring analogously by plugging in C;=0 V.
Therefore, uncensored individuals contribute to estimation of the target parameter for as
many observations as they are not censored. To clarify, death is an absorbing state that stops
the accrual of data and accumulation of further cost. Hence, plugging in D;= 0 would target
the mean cost under treatment a in the hypothetical setting where everyone in the population
survives through the interval [0, ]; this is not the approach we take. In our motivating
example of endometrial cancer, it is of greater real-world relevance to consider the marginal
mean cost under treatment a in the hypothetical setting where the population is indeed
uncensored through the interval [0, 7], but the individuals of that population survive for as
long as they would under the treatment a. In order to target the latter parameter, we
marginalize over the distribution of death at each time, accommodating systematic variation
in the risk thereof.

If all variables are discrete and there are sufficient data in each category, an estimate E[?‘Z]

can be obtained nonparametrically; however, such a setting is ordinarily not realistic. One
will often make parametric assumptions about the distribution of Y} L ; and Dj. Markov-
type assumptions are common in the parametric g-formula to limit computational burden.
Monte-Carlo integration can be used to evaluate the integral at hand, whereby data are
repeatedly simulated under estimated models, plugging in treatment a. Under assumptions
(1)-(6), the random draws estimate the marginal distribution of potential cost outcomes,

i <29 q A - .
Yi= Zji ,Yj- Given a sufficiently large number of random draws, those simulated

potential outcomes can be averaged, thereby numerically solving the high-dimensional
integral of the nested g-formula. No general closed-form analytic expression exists for the

variance of E[?‘E] the nonparametric bootstrap instead can be employed to estimate standard

errors, construct confidence intervals, and conduct inference (Davison and Hinkley, 1997).

Algorithm 1 below describes how to perform nested g-computation for estimation of E[?f__]

using a model-based approach under a Markov property such that Yjand L ;are influenced
only by previously measured variables occurring in the concurrent or previous time interval.
By convention, assume that no individuals are censored at the start of the first interval (C; =
0), and let R denote the (sufficiently large) number of g-computation iterations:
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J> 1 F(VG1A5 05, C) = 0.Y) 1. Dy Ly Ayy). G > 1

15§ > 12 P(D; = 1Y}, A3, L5, C; = 0,Y; 1, D1, Ly 1, Aj

reatment strategy for which the ma

The nonparametric bootstrap can be employed by creating B full-sized data-sets of N/
individuals (re-sampled from the original data, with replacement), and repeating Steps (1)—
(4) on the Bfull-sized data sets. From the B resulting estimates, standard errors can be
computed and confidence intervals formed.

3.3 A sensitivity analysis procedure for violations to baseline ignorability

We now focus on challenges associated with the assumption of treatment assignment
ignorability. This can be realized as the union of two assumptions: (1) Yf 1L A; | Ly, and (2)

YOLA;|LjAj_1.Y;_y,
henceforth referred to as ignorability of baseline treatment assignment, should be examined
closely as many pre-baseline factors available to the individuals choosing an initial treatment
are unavailable in the data. Should any of these factors serve as a cause of higher cost, the
assumption of baseline treatment assignment ignorability is violated. We therefore propose a
procedure to evaluate sensitivity to departures from ignorability of baseline treatment, but
when the remainder of assumptions are satisfied, including post-baseline ignorability of
treatment assignment.

for j= 2. In observational data, the former of these assumptions,

Suppose there is some univariate unmeasured U for which baseline ignorability of treatment
assignment holds when considered together with L (in other words, suppose that

¥{ L 4 | L;,U). It would be of interest to obtain an estimate of E[ %] as it would be under
proposed levels of confounding strength had ¢ actually been measured and accounted for.
Suppose we invoke a first-order Markov assumption under which each variable can only be
directly influenced by variables in the concurrent and prior interval. In a primary analysis
under which all assumptions are assumed satisfied, nested g-computation involves the
modeling stage (fitting a series of baseline models for L1, Y7, Dy, and follow-up models for
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L, Yj and D), and the Monte-Carlo integration stage (simulating data from those models
sequentially with A set to a).

If we imagine some unmeasured U of a particular level of confounding strength, we would
want to generate draws of Y7 from a model conditional not just on L1 and Aj, but also on U
in the Monte-Carlo integration stage. To do this, we would need to simulate from an
estimated model that conditions not only on L1 and Aj, but also on U. Because the
parameters of these two models are potentially distinct, we will index them by g* and g,
respectively. We will refer to the respective likelihoods as the conditional and marginal
likelihoods (keeping in mind that the terms refer specifically to whether we are conditioning
on Uor not; both models condition on Ay and L1). For simplicity, we focus our attention on
scenarios in which U L L 1, though we do not assume that U 1L L 1|Aq as per Lin ef a/ (1998).
Under a proposed distribution for U, we may derive a likelihood for the conditional
parameter 8* solely in terms of observed data, and of course, any and all user-specified
sensitivity parameters .

3(ﬁ*a§)=/fyl | A1, L, UY1, AL L, us B, y)dFy Ly, 44(us Ly, Ay)

Say L u(ALLy, w8y
A1 1Ly, U(A1 ) iy @

= f L Y19A1’Ll’u;ﬂ*’ y\
/ vl Lol "Tfa; 1L, u(AL L 0: L y)dFy(v)

If Uis binary, the integral can be evaluated easily as a sum. In such a case, the complete
sensitivity parameter vector y comprises three classes of sensitivity parameters (SPs),
described as follows: = P(U= 1) (the prevalence of {in the population), ¥4 (the effect
of Uon Ay, conditional on L4), and yy (the effect of Uon Y3, conditional on L; and Ay).
Here, (is a nuisance parameter that need not be estimated simultaneously with g. To

conduct an analysis to evaluate sensitivity to departures from ignorability of baseline
treatment, one must obtain an estimate of g* from the marginal likelihood of (3). Then, the
Monte-Carlo integration procedure would involve simulating from the conditional models at
baseline (together with any sensitivity parameters), and then proceeding normally for
follow-up intervals.

Algorithm 2 describes the sensitivity analysis procedure to evaluate the impact of departures
from baseline ignorability. Let i, denote the sensitivity parameter(s) that describe F/4).
Let 4 denote the user-specified sensitivity parameter(s) describing the impact of U on A;.
Let yy denote the user-specified sensitivity parameter(s) describing the impact of Uon Y.

Algorithm 2: S

1. Obtain an estim: model f(A|L,.U):
X

108 £(0) = Y105 [ Je(AnlLinsU = wia)dFo ui ) o
i

2. Obtain an estimate 3 by maximizing the log-ikelihood for model £(¥i| s, L, U):

o £(8%:8) = Y- 108 [ for (VlAu, Lt U = i) ZedF (i)
1 "

where 7 = fz(AulLui, U = uyw) and 7 = [ fo(Aullui, U = wdFy(u; 7).
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nodels of Step 1 as follows:

4 SIMULATION STUDY

We conduct a set of simulation studies in order to assess the finite-sample performance of
the nested g-formula under a binary time-varying treatment. In all simulations, we set V=
2,000 subjects and J= 6 observations; we use N, = 50,000 iterations for the Monte-Carlo
integration procedure and B = 500 bootstrap replicates. Moreover, we invoke a first-order
Markov assumption for simplicity, such that each variable can only be influenced by
variables in the concurrent interval and the interval prior. We further use a single normally
distributed time-varying confounder (e.g., a transformed propensity score, as per Lu (2005)).
We seek to understand performance under varied levels of censoring, varied treatment
generating mechanisms, and different cost-outcome mechanisms (both under correct
specification and misspecification).

In all simulations, we consider two treatment generation scenarios (TGS). In the first TGS,
we consider treatment as generated randomly at each interval and in a fashion dependent
upon prior variables, and we consider the following two comparator regimes: never treated
(@ = 0) and always treated (@ = 1). In the second TGS, we consider treatment to be absorbing,
such that once a patient is treated, he or she is considered treated for the remainder of the
study; we consider three comparator treatment regimes: never treated (a = 0) , commencing
treatment halfway through the study (a = (01 x 3. 11 x 3), and always treated (a = 1). All study

subjects are presumed uncensored at the study’s start. The censoring rate at each follow-up
time depends upon previous covariates. We consider, in each case, a low censoring rate
(approximately 5% censored by the end of the sixth and final time point), and a moderate
censoring rate (approximately 23%).

We conduct four sets of simulations: one under correct cost model specification and three
under some form of misspecification. In the first two sets, cost outcomes follow a zero-
inflated homoscedastic log-normal distribution. We fit a correctly specified cost model in the
first set; in the second set, we instead fit a zero-inflated Gamma model to the data. In the
third set of simulations, data are generated under a zero-inflated heteroscedastic log-normal
model in which the cost variance at each time depends upon the concurrent confounder and
treatment status; the cost data are incorrectly modeled as if homoscedastic. In the fourth set
of simulations, we generate cost outcomes from a mixture of zero-inflated log-normal
models, with a 0.02 probability of a very high intercept. Further specific details about the
parameters of the simulation studies are provided in Online Appendix A.

Table 1 presents results from the first set of simulations, under correct specification. The
estimates obtained from our nested g-computation show little bias, and standard errors
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closely match the empirical repeat-sample standard errors. Table 2 presents results from the
second set of simulations, under which the costs are generated from a zero-inflated log-
normal process and the (misspecified) zero-inflated Gamma cost model is used in the nested
g-formula. Under these simulation parameters, the levels of bias are comparably low under
this form of misspecification, and the bootstrap standard errors demonstrate robustness to
this form of misspecification.

Table 3 presents results from the third set of simulations, under which the costs are
generated from a zero-inflated heteroscedastic log-normal process, but in which
homoscedasticity is incorrectly assumed in the nested g-formula. Here, we see an increase in
absolute bias, with an upward bias for treatment regimes involving no treatment (a = 0) , and
downward for the other treatment regimes. The bootstrap standard errors demonstrate
robustness to this form of misspecification.

Table 4 presents results from the third set of simulations, under which the log-normal
positive costs are generated from with a mixture of intercepts with two components, but in
which this mixture is unaccounted for in the nested g-formula and a single intercept is
modeled. The average estimates across simulations are close to the true means, and
bootstrap standard errors again approximate the empirical repeat-sample standard errors
across simulations.

5 APPLICATION TO SEER-MEDICARE DATA

We apply the nested g-computation approach to our motivating example of Stage | and Il
endometrial cancer patients from the SEER-Medicare linked database. Using these data, we
seek to estimate mean two-year cost under a number of hypothetical post-hysterectomy
adjuvant treatment strategies. Information on /= 13,722 women with endometrial cancer as
confirmed by hysterectomy were available from the SEER-Medicare data, with cases
diagnosed between 2000 and 2011 (follow-up through 2013). Monthly costs were
aggregated for each patient for a period of two years post-surgery. By the time of study
completion, there were 626 observed deaths and 714 observed censoring events prior to two-
years (the remaining 12,382 subjects were observed for the two-year duration). Treatment
assignment was considered as two binary variables within each month: an indicator of any
current or prior adjuvant radiation therapy (RT), and an indicator of any current or prior
adjuvant chemotherapy (CT); that is, treatment was considered in a monotone fashion from
the time of surgery to the end of the two-year period or until death, whichever comes first.
Of note, the positivity assumption of Section 3.1 can be relaxed to accommodate this
treatment definition. In particular, letting AJR and AjC denote the RT and CT status at time
respectively, the positivity assumptions can be expressed as

0<P(Af=114f 1 =045_,L;_1.¥;_)<1and

0<P(Af =11 AF_1 =047 |, L;_1,¥;_1) < 1; by definition, P(af = 1] A7_; =1) =1
and P(Af =1 Af_; = 1) = 1. During the first month, 864 women underwent RT, and 80

underwent CT. Among the 13,008 uncensored subjects in the twenty-fourth month, 3,759
had received or were undergoing RT and 782 had received or were undergoing CT.
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The following were considered as potential confounders: age of diagnosis, baseline FIGO
cancer stage (1A, IB, I NOS, I, and Il NOS), race category (White, Black, and Other), time-
varying Charlson Comorbidity Index (CCI), and number of hospitalizations in the prior
month (from Month 2 onwards). To handle the data sparsity in CCI and number of prior
hospitalizations, we re-categorized these variables as 0, 1, 2, or = 3.

In the nested g-computation models, we invoke the Markov assumption described in our
simulations. We believe this simplification is justified in large part because medical costs at
a given time are more strongly associated with recent treatments as compared to treatment
more distant in time; if much of the information from residual time-dependent confounding
owing to earlier treatment status is captured by the time-varying covariates appearing in the
models, we would expect bias to be low. The empirical joint distribution of the baseline
covariates was used in place of parametric models. The joint distribution of the baseline
confounders was specified as follows. Baseline cost was modeled using a (two-part) zero-
inflated log-normal model. The first component modeled the odds of a zero cost using
logistic regression, conditioning on all baseline confounders and categorical treatment; the
second component modeled the cost as log-normal, conditional on a positive cost, and again
conditional on baseline confounders and categorical treatment. The number of
hospitalizations in the first month was modeled conditional on all prior confounders, but
further adjusting for an indicator of zero cost in the first month and log cost in the first
month (zero costs are mapped to a log cost of zero). No participants died during the first
interval.

The joint distribution of the confounders at follow-up was specified by multinomial models,
adjusting for all confounders in the prior interval, including a term for the indicator of a zero
cost in the prior months, adjusting for log prior cost, and prior categorical treatment. The
cost at follow-up was modeled with a two-part zero-inflated log-normal, adjusting for
concurrent and prior confounders, additionally including a term for the indicator of a zero
cost in the prior months, adjusting for log prior cost, and prior categorical treatment. The
odds of death during each follow-up interval was modeled using logistic regression,
adjusting for confounders and cost in the concurrent and prior intervals. All age and log-cost
adjustments were performed using cubic splines with knots at their respective first and
second tertiles (70 and 76 years for age, 8.96 and 9.37 for baseline log-cost, and 4.04 and
6.09 for post-baseline log-cost). Parameters from each proposed model were estimated and
used for the Monte-Carlo integration procedure (coefficient estimates from each of the fitted
models can be found in Online Appendix B).

In order to evaluate the goodness-of-fit, we plotted the fitted values against the standardized
residuals (Figure 4) for the first interval and follow-up intervals. The residuals appear to be
approximately of mean zero across the levels of the fitted values. The figures additionally
provide evidence of heteroscedasticity across the levels of the fitted values.

To further assess the ability of these models to perform adequately in the Monte-Carlo
integration stage, we generated random draws from each of the two-part models at each
covariate level in the data, and compared the distribution of the random draws to that of the
true costs. In the original data, 2.27 % of the baseline costs and 25.6% of the non-baseline
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costs were zeros. From the generated predictions, the proportions were 2.37% and 25.6%
respectively. Figure 5 depicts kernel density plots for the log non-zero costs at baseline and
follow-up; these together illustrate that the cost-models used provide a reasonable fit to the
data.

We consider five comparator post-surgery treatment regimes: (1) No treatment for all two
years, (2) RT within the first month of surgery, (3) CT within the first month of surgery, (4)
RT delayed for two months post-surgery, and (5) CT delayed for eight months post-surgery.
These delays were chosen based on the median time-to-treatment among those ever
receiving RT and CT, respectively. Table 5 depicts the estimated mean costs (in thousands of
USD) under each of these treatment regimes, together with estimated standard errors and
95% Wiald-based confidence intervals from the nonparametric bootstrap.

Of note, the standard error considering CT immediately is markedly higher as compared to
others; this is attributable to the fact that there are very few subjects receiving chemotherapy
within the first month of hysterectomy. In general, these estimates are best suited for
planning monetary resource allocation under a specific treatment regime. If, for instance, an
eight-month delay in RT were chosen in an upcoming policy change, we estimate via nested
g-computation that approximately $36.3k should be allocated per patient in this
subpopulation. This insight could not have been gained with previously developed cost
methods.

5.1 Sensitivity analysis

Identifying sufficiently many variables that predict the initial treatment assigment can be
challenging in observational data. To address this, we now apply the sensitivity analysis
procedure of Section 3.3 to evaluate the sensitivity of these results to departures from the
assumption of ignorability of treatment assignment at baseline. We consider the setting of a
single binary Uwith prevalence 0.5 (we could imagine this to be, for instance, a measure of
functional status or an indicator of smoking history—which are not available in SEER-
Medicare data). The sensitivity parameters are defined on a logit scale for the impact of {/on
treatment and probability of a zero cost, and on the linear scale for the log-transformed
positive costs. We model the propensity of treatment on the logit scale, adjust for all
confounders and include a natural cubic spline for age.

We consider three sets of sensitivity parameters to indicate varying levels of confounding;
these coefficients were chosen to be, at maximum, only slightly more extreme than the
model coefficients on the basis of the observed data. Table 6 summarizes the sensitivity
parameters and their respective practical interpretations.

Table 7 presents the results of this sensitivity analysis under the three established levels of
confounding. As illustrated in Figure 6, the relative difference in estimated mean cost under
each treatment regime under modest and moderate levels of confounding appear very
comparable to those of the primary analysis; the relative pattern does not appear to hold as
well under high levels of confounding. Importantly, we note similar ordering of costs across
the treatment strategies are preserved. We conclude that our results were not sensitive to
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modest departures from the assumption of ignorability of baseline treatment assignment
under the scenarios considered.

6 DISCUSSION

We have developed a nested g-computation framework to estimate marginal restricted-mean
costs under user-specified treatment strategies. This approach, like previously explored
inverse-probability weighting methods, addresses censoring, but has the advantage of
allowing time-updating risk of death. Moreover, this approach targets a different parameter
than those of existing approaches in that it provides a marginal mean under a joint treatment
regime. The choice to target the marginal mean cost under an entire treatment strategy rather
than the mean cost conditional on baseline treatment should be scientifically motivated. We
argue that our approach is uniquely equipped to provide insights into issues surrounding
monetary resource allocation, as explained in Section 5.

One priority of the Quality Payment Program is to develop alternate payment models for
various health conditions such as cancer care. In designing these alternative payment
models, physicians, payers, and policy makers are faced with a challenge of how to
determine cost of care for a given treatment period or health-related condition. Historically,
one might sum up approximate costs across all treatments incurred by a defined patient
population over a set time period, though these methods would not account for changes in
health over time, nor cumulative toxicities accrued during various treatments that may
impact future care needs. Most methods have honed in on individual case costs and are not
population-level in nature. The population-level estimands targeted by the nested g-formula
are a sensible step towards appropriate allocation of resources and equitable
reimbursements.

We caution, of course, against using this framework alone for direct comparison of costs in
order to make treatment policy decisions, as it is possible that lower estimated costs could be
the result of increased risks of death. Namely, without aggregating these data with insights
into clinical effectiveness (the methodology of which is not the focus of this work), these
data cannot be used to make recommendations regarding optimal treatment strategies.
However, the purpose of this manuscript was to formalize a method to estimate the marginal
mean costs, rather than to specifically compare those costs. Integrating this methodology
into a cost-effectiveness framework is the subject of ongoing work, whereby treatment
policy decisions could be made.

We have empirically demonstrated that the nested g-formula has favorable finite-sample
properties including low bias, valid bootstrap standard errors, and proper coverage.
Nonrandom subject dropout can be accommodated by the nested g-formula, at least to the
extent to which the dropout is explainable by observable covariates. This gives the nested g-
formula approach an advantage over alternative approaches that do not account for this
commonly encountered limitation. In real-world data, zero costs can be common; moreover,
the distribution of nonzero costs may be right-skewed, heteroscedastic, or heavier-tailed than
assumed under the standard log-normal or Gamma models. The simulation results suggest
that the nested g-formula is not overly sensitive to small discrepancies between the choice of
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methodology to account for right-skewness, nor overly sensitive to moderate amounts of
unaddressed heteroscedasticity or heavy-tailedness in the data.

One potential limitation of this approach is the requirement for specification of several
parametric models. This is quite important for cost outcomes that may, in practice, be
substantially right skewed, or for which there may be a number of sampling zeros. Flexible
modeling techniques such as two-part models and cubic splines can provide substantial
improvements to model flexibility; on the other hand, Markov assumptions serve to reduce
dimensionality and are one of the most effective ways to avoid over-fitting. Of note,
justifications for invoking Markov assumptions should be specific to the problems to which
they are being applied.

Further studies are warranted to better understand the scalability of this approach to high-
dimensional covariates and many treatment times. Though a regularization approach could
be used to improve mean-model flexibility, such approaches do not readily allow flexible
sampling of the conditional error distribution, a necessary step in the nested g-computation
procedure.

In observational databases, sensitivity analyses serve as a powerful tool that can help
strengthen the validity of conclusions. The importance of sensitivity analyses in cost data
has been previously discussed, and an approach was developed by Handorf et al. for the
intent-to-treat methods (2013). We chose in our methodology to bypass the need to assume
conditional independence of the unobserved and measured confounders, given treatment,
due to the well-known phenomenon of collider bias that can result (Cole et al., 2009). In
bypassing this problem, we are in exchange forced to model treatment propensities in the
sensitivity analysis stage. Therefore, discrepancies between the results of a sensitivity
analysis and the main analysis may be at least partly attributable to propensity score model
misspecification. However, flexible modeling strategies can help curb this challenge; it is
reassuring that (a) the ordering of the mean costs is preserved under the different levels of
confounding, and (b) the costs under modest and moderate levels of confounding are very
close to the estimated values in the main analysis. One could potentially approach the
sensitivity analysis as a tipping-point analysis and determine the level of confounding that
would be necessary to disturb the ordering of costs, for example. In order to accomplish this,
one may need to specify differential effects of the unmeasured confounder on the different
classes of treatment.

Principled approaches that aid us in giving insights into necessary levels of monetary
resources are one of many reasonable steps toward responsible healthcare policies. Having
access to information on hypothetical mean costs across entire treatment strategies can be
immensely helpful for planning purposes to insurers, policy makers, and health economists,
and can serve to efficiently and responsibly allocate monetary resources to particular patient
subpopulations (women with Stage | and Il endometrial cancer, in our motivating example).
For the purposes of elucidating such marginal mean costs, we recommend use of the nested
g-formula with flexible modeling approaches, together with sensitivity analyses under
reasonable sets of sensitivity parameters.
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Figure 1:

Here, we illustrate informative cost trajectories; in particular, cumulative costs at time of
censoring are correlated with theoretical cumulative cost over one year, despite the censoring
times being generated independently of the cost outcome (for each of these trajectories, the
time range of interest is a constant twelve months for all patients, and hence the time of
censoring is uncorrelated with the total time of interest). Observed portions of cost
trajectories are plotted over time as solid black curves for censored individuals until their
time of censoring. The hypothetical remainder of their trajectories are plotted as dashed gray
curves until the time of study completion. The curves in this figure do not cross for ease of
demonstration, though they may cross in practice.
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Figure2:
Illustration of treatment changes in SEER-Medicare data of women with confirmed

endometrial cancer. In these data, once someone is treated, she is considered a treated patient
for the remainder of the time on study. During each month, a subgroup of untreated
individuals go on to receive chemotherapy (CT) and/or radiation (RT). Other subgroups of
individuals having previously received one treatment go on to receive the other (RT + CT).
Darker shading is used to denote higher relative frequency within a particular month.
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Figure 3:
Illustration of censoring in longitudinal studies of cumulative cost with time-dependent

treatment and confounding. For simplicity, we illustrate this in the setting of /=3 time
points. Observed variables are shown in black; after censoring, unobserved variables are
shown in gray. The outcome is only completely observed for patient 1, but not for patients 2
and 3 as they are censored after their second and first observations, respectively.
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Fitted vs. (standardized) residual plots for the log-normal model for positive costs in the first
interval (left) and follow-up intervals (right). LOESS smoothing curves are shown as black

curves; the reference line ()= 0) is shown as a dashed line.
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Figure5:
Kernel density plots of the predicted and true log-costs at baseline (left) and follow-up

(right). The random draws generated appear to formulate a density that closely mirrors the
empirical density from the data.
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INlustration of the results of our sensitivity analysis. Depicted are the relative differences in
estimated mean cost, considering each of RT, CT, delayed RT, and delayed CT relative to no
treatment.
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Table 1:

Simulation results (Set 1): Correctly specified zero-inflated log-normal cost model. Depicted are the true
means in each scenario (in hundreds of dollars), the average estimate across simulations, the empirical
standard error across Monte-Carlo replications, and the average estimated bootstrap standard error.

Low Censoring M oderate Censoring

TGS Regime TrueMean ESt. SE SE Est. SE SE
1 a=0 10.1 10.2 0.167 0.168 10.2 0.200 0.204
1 a=1 12.3 12.4 0.172 0173 124 0219 0.223
2 a=0 10.1 10.2 0.139 0.150 10.2 0.160 0.175

2 a=(01x311x3) 11.0 110 0119 0121 110 0138 0.145

2 a=1 12.3 124 0237 0.241 124 0283 0.284
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Simulation results (Set 2): Incorrectly specified zero-inflated Gamma cost model (the true data generating
mechanism is zero-inflated log-normal). Depicted are the true means in each scenario (in hundreds of dollars),
the average estimate across simulations, the empirical standard error across Monte-Carlo replications, and the

average estimated bootstrap standard error.

Low Censoring

M oder ate Censoring

TGS Regime TrueMean Est. SE SE Es. SE  SE
1 a=0 10.1 102 0183 0173 102 0222 0210
1 a=1 123 124 0178 0179 124 0240 0.231
2 a=0 10.1 102 0209 0213 102 0228 0.247
2 a=(01x3.11x3) 11.0 110 0145 0455 11.0 0171 0.181
2 a=1 12.3 124 0157 0152 124 0201 0.196
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Simulation results (Set 3): Incorrectly specified zero-inflated homoscedastic log-normal cost model (the true
data generating mechanism incorporates heteroscedasticity). Depicted are the true means in each scenario (in
hundreds of dollars), the average estimate across simulations, the empirical standard error across Monte-Carlo
replications, and the average estimated bootstrap standard error.

Low Censoring

M oder ate Censoring

TGS Regime TrueMean Est. SE SE Es. SE  SE
1 a=0 10.1 105 0179 0178 104 0208 0213
1 a=1 134 127 0201 0204 127 0252 0.262
2 a=0 10.1 104 0152 0155 103 0.78 0.181
2 a=(01x3.11x3) 115 112 0129 0134 111 0.155 0.162
2 a=1 134 127 0266 0289 126 0316 0.331
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Simulation results (Set 4): Incorrectly specified zero-inflated log-normal cost model (the true data generating

mechanism incorporates a 2% probability of a very high cost). Depicted are the true means in each scenario (in
hundreds of dollars), the average estimate across simulations, the empirical standard error across Monte-Carlo
replications, and the average estimated bootstrap standard error.

Low Censoring

M oder ate Censoring

TGS Regime TrueMean Est. SE SE Es. SE  SE
1 a=>0 113 111 0166 0163 111 0194 0.196
1 a=1 134 134 0282 0301 134 0339 0.368
2 a=0 113 111 0167 0476 111 0.203 0.207
2 a=(01x3.11x3) 122 121 0140 0143 121 0.166 0.173
2 a=1 13.4 134 0256 0.273 135 0.304 0.325
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Results from an application to SEER-Medicare data. Depicted are the estimated costs (thousands of USD)
under the five considered treatment regimes, along with the corresponding estimated bootstrap standard errors
and 95% confidence intervals.

Treatment

Est.

SE  95% Cl

None

RT

CT

Delayed RT
Delayed CT

26.1
41.7
47.8
50.3
38.0

0350 [25.4,26.8]
0979 [39.8,43.6]
218  [435,52.1]
133 [47.7,52.9]
0813 [36.4,39.6]
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Table 6:

Characterization of sensitivity parameters under three scenarios (all are ratios that compare subgroups U= 1to
U= 0): 4 (comparing odds of RT and/or CT), y(Yl) (compares odds of zero-cost), and y§,2) (compares

geometric mean cost in the first interval among those with nonzero cost).

Scenario  Confounding level YA y%,l) y%,z)
1 Low 111 0.820 1.025
2 Moderate 1.28 0.719 1.105
3 High 1.65 0613 1.220
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Results from a set of three sensitivity analyses for SEER-Medicare application. Depicted are the estimated
costs (thousands of USD) under the five considered treatment regimes, along with 95% confidence intervals.

Sensitivity analysis under different levels of confounding (modest, moderate, and high).

M odest Moderate High
Treatment Est. 95% ClI Est. 95% CI Est. 95% CI
None 233 [228,239] 254 [25.6,27.1] 299 [29.2,30.6]
RT 336 [323,349] 352 [33.8,36.6] 389 [37.3,40.6]
CT 385 [353,41.7] 416 [39.2,425] 409 [37.5, 44.3]
Delayed RT 39.2 [37.5,40.8] 418 [40.2,435] 476 [45.5,46.0]
Delayed CT 346 [33.1,36.2] 369 [35.3,385] 41.6 [39.9,43.4]
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