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ABSTRACT

ARTICLE HISTORY

The statistical study of precision medicine is concerned with dynamic treatment regimes (DTRs) in which
treatment decisions are tailored to patient-level information. Individuals are followed through multiple
stages of clinical intervention, and the goal is to perform inferences on the sequence of personalized
treatment decision rules to be applied in practice. Of interest is the identification of an optimal DTR, that
is, the sequence of treatment decisions that yields the best expected outcome. Statistical methods for
identifying optimal DTRs from observational data are theoretically complex and not easily implementable
by researchers, especially when the outcome of interest is survival time. We propose a doubly robust,
easy to implement method for estimating optimal DTRs with survival endpoints subject to right-censoring
which requires solving a series of weighted generalized estimating equations. We provide a proof of
consistency that relies on the balancing property of the weights and derive a formula for the asymptotic
variance of the resulting estimators. We illustrate our novel approach with an application to the treatment
of rheumatoid arthritis using observational data from the Scottish Early Rheumatoid Arthritis Inception
Cohort. Our method, called dynamic weighted survival modeling, has been implemented in the DTRreg R
package. Supplementary materials for this article are available online.
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1. Introduction
Precision medicine is an approach to health care in which treatment decisions are tailored to patient-level information. This
approach is especially relevant in the chronic-care environment
where a patient’s health condition is changing over time, and
treatments must correspondingly be altered. One such example
of a chronic condition is rheumatoid arthritis (RA). Patients
typically experience recurrent episodes of high disease activity followed by periods of remission during their lifetime. An
important clinical question is to determine which sequence of
treatments minimizes a patient’s time to remission based on
observed characteristics at the time he/she enters an episode of
disease flare-up.
Such adaptive sequences of treatments are called dynamic
treatment regimes (DTRs). In the typical DTR setting, individuals are followed through multiple stages of clinical intervention
and the statistical goal is to perform estimation and inference
on the sequence of treatment decision rules, one at each
stage, which uses the individual’s characteristics as inputs
and yields a recommended treatment. Of particular interest
is to identify an optimal DTR, that is, the sequence of
treatment decisions that yields the best expected outcome. In
the RA example, an optimal DTR would yield the shortest
time to remission in subgroups of individuals with similar
characteristics.
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Guidelines from the American College of Rheumatology
(ACR) recommend an adaptive sequence of treatments to
achieve remission in patients with RA (Singh et al. 2016).
Recommendations were designed by a group of highly specialized clinicians and epidemiologists based on the balance
of relative benefits and harms of the treatment options, and
the quality of evidence from the literature. Yet, the evidence
derived from single-stage clinical trials or observational studies
that compared first- and second-line treatments separately does
not account for the dynamic nature of the treatment of RA.
This might have profound implications on the identification
of optimal regimes; focusing on the efficacy of the firstline treatment may unknowingly set patients on regimes
that preclude more effective later-stage treatments, thus the
importance of using adequate statistical methods.
In observational data, the fact that the first-line treatment
affects the outcome but also subsequent patient characteristics
and treatments, which are in turn predictors of the outcome,
leads to a complex interplay between treatments and outcomes,
making the discovery of an optimal DTR a challenging task.
When the optimization criterion is based on maximizing timeto-event, the possibility of right-censoring complicates the estimation procedure because patients do not necessarily enter all
stages of clinical intervention if they experience an event or are
censored before reaching the end of the study.
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There is a substantial statistical literature on methods to
identify an optimal DTR from observational data (e.g., Murphy
2003; Robins 2004; Zhang et al. 2013; Zhao et al. 2015) yet only
a few methods have been proposed to accommodate time-toevent endpoints subject to right-censoring. Q-learning has been
extended for censored data to find treatment regimes that lead to
longer survival time (Goldberg and Kosorok 2012). The method
requires positing parametric models for the survival time at each
stage of intervention and making predictions under optimal
treatment assignments. Its approach to modeling is simple and
intuitive, using inverse probability of censoring weights (IPCW)
to account for censoring. However, it lacks robustness to model
misspecification, it is currently only implemented in MatLab
and it assumes that censoring is independent of observed trajectories. A related method uses accelerated failure time (AFT)
to model the survival time at each stage of intervention (Huang,
Ning, and Wahed 2014)—a model that could equally be adopted
in Q-learning—however, this approach requires making predictions only for individuals who did not receive their optimal
treatment. Although the method does not make the restrictive
assumption of random (covariate-independent) censoring, it is
singly robust and not implemented in a statistical software package. G-estimation is an alternative regression-based approach
to uncover optimal DTR with survival outcomes but it remains
unpopular given its theoretical complexity and computational
burden (Robins and Greenland 1994; Hernán and Robins 2010).
A number of value search or classification-based methods have
been proposed with survival endpoints (Zhao et al. 2014; Bai
et al. 2017; Jiang et al. 2017; Hager, Tsiatis, and Davidian 2018)
but they provide a less intuitive approach to both modeling and
model-checking and often lack tools for valid inference on the
decision rules themselves.
This article provides a new, theoretically robust approach to
estimation of an optimal DTR with survival outcomes subject
to right-censoring. Our method extends the dynamic weighted
ordinary least squares (dWOLS) approach (Wallace and Moodie
2015) to time-to-event data and borrows from the singly robust
framework set up by Huang, Ning, and Wahed (2014). DWOLS
is an easily implementable statistical method that unites the
double-robustness of G-estimation and the simplicity of Qlearning when the outcome is continuous and uncensored. It
accounts for nonrandomized treatment assignments with a
broad class of weights. Our extension to time-to-event data
incorporates a flexible number of stages of intervention, as
in Q-learning, thus allowing individuals to experience an
event or be censored before the end of the follow-up, and
it allows censoring to depend on time-varying individual
trajectories. The balancing weights introduced in dWOLS and
extensively discussed by Li, Morgan, and Zaslavsky (2018) are
extended to incorporate IPCW. Our method, named dynamic
weighted survival modeling (DWSurv), is doubly robust, easy
to understand by non-statisticians, and has tools for inference
and model-checking. We have implemented DWSurv in the
DTRreg package in R (Wallace, Moodie, and Stephens 2017a).
We introduce our methodology in Section 2. Section 3 evaluates the performance of DWSurv and a related method in
extensive simulation studies. Section 4 illustrates DWSurv in
an application to the treatment of RA using the Scottish Early
Rheumatoid Arthritis (SERA) Inception Cohort.

2. Methodology
With the outcome of interest being survival time, an optimal
DTR aims to identify the sequence of decision rules that leads
to longer survival time. Similar notations and principles apply
when the goal is to minimize the time to an event, for example, minimize time to remission.

2.1. Notation and Assumptions
Unless specified otherwise, upper cases, lower cases, and bold,
respectively, denote random variables, realizations of random
variables, and vectors. Data needed to estimate a DTR consist
of longitudinal trajectories of covariates and treatments across
a maximum of J stages of clinical intervention. Let individuals
be identified with a subscript i = 1, . . . , n (often dropped for
clarity) and stages be denoted by a second subscript j = 1, . . . , J.
Let ηj be a random variable which takes value 1 if an individual
entered stage j and 0 otherwise, where all should have at least
η1 = 1. Let Aj ∈ (0, 1) denote the treatment received at the
beginning of stage j. Let Tj be the survival time within stage j,
with Tj set to zero when ηj = 0. The outcome is the overall
survival time defined as the sum of the stage-specific survival
J
times T =
j=1 ηj Tj . We define the counterfactual survival
J
aj
aj
a
time T = j=1 ηj Tj where Tj denotes the potential survival
time within stage j if, possibly contrary to fact, an individual
were given treatments aj = (a1 , . . . , aj ) ∈ (0, 1)j , with a = aJ .
The censoring time is denoted by C. Let Y = min(T, C) and
let  = I(T ≤ C) denote the failure indicator. Let Xj be a
vector of covariates measured prior to the jth treatment. Denote
an individual’s history by Hj taking values hj ∈ Hj , the sample
space for Hj , which represents a shorthand for the information
available prior to making the jth treatment decision, including
(functions of) previous treatment assignments, covariates, and
survival times. The observed data are given by the individual
trajectories (ηi1 , Xi1 , Ai1 , Ti1 , . . . , ηiJ , XiJ , AiJ , TiJ , i ), where Aij
and Xij are missing when ηij = 0. A DTR consists of a set of
decision rules {d(h1 ), . . . , d(hJ )} ∈ D where D denotes the class
of all possible treatment regimes. At each stage j, the decision
rule is a function d(hj ) : Hj → (0, 1) that inputs the observed
history hj and outputs a treatment. An optimal DTR is the
set of decision rules {dopt (h1 ), . . . , dopt (hJ )} that maximizes the
overall expected survival time E(T a ).
To identify an optimal DTR, we rely on the axiom of consistency to link counterfactuals to observed data. We also make the
following assumptions:
1. Stable unit treatment value (Rubin 1980)—it requires that an
individual’s outcome is not influenced by other individuals’
treatment allocation.
2. Sequential ignorability (Robins 2000)—it is the no unmeasured confounder assumption extended to longitudinal settings, which further requires that the treatment assignment
at a given stage
 cannot depend on future covariates. It is
ak
J
⊥ Aj |Hj , η1 , . . . , ηj .
expressed as
k≥l Tk : l = j, . . . , J ⊥
3. Coarsening at random (Gill, van der Laan, and Robins
1997)—it assumes that, at the beginning of each stage, the
probability of censoring onward is independent of future
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outcomes,
given accrued

 information. It is expressed as
ak
J
T
:
l
=
j,
.
.
.
,
J
⊥
⊥ |Hj , η1 , . . . , ηj .
k≥l k

survival time, which is equal to the time spent in the first stage.
We define the first stage treatments comparison through the blip
function
opt

2.2. Definition of Optimal Dynamic Treatment Regimes
For simplicity, we define an optimal DTR with up to two stages
of intervention and denote the optimal stage 1 and stage 2 deciopt
sion rules, dopt (h1 ) and dopt (h2 ), with the shorthand a1 and
opt
a2 , respectively. It is straightforward to extend the following
derivations and results to two stages or more.
Like Q-learning, our approach relies on backward induction
to estimate a sequence of treatments that maximizes survival
opt
time. As a first step, the optimal stage 2 decision rule a2 is
estimated by considering the effect of the stage 2 treatment and
its interactions with tailoring variables on a function f (·) of
the expected counterfactual survival time from stage 2 onward,
E[f (T2a1 ,a2 )]. Only individuals who entered the second stage
contribute to the estimation of the stage 2 decision rule. In a
second step, the optimal stage 1 decision rule is estimated by
considering the effect of the stage 1 treatment and its interactions with tailoring variables on a function of the expected
counterfactual overall survival time had the second stage treatopt
ment been optimal, E[f (T a1 ,a2 )]. With the aim of maximizing
survival time, this step requires to construct counterfactual
opt
survival times under a2 by adding a positive quantity to the
observed survival times of the individuals who did not receive
their optimal stage 2 treatment. The first stage treatment comparison is then “fair” as it is with respect to an overall survival
time that incorporates the effect of the stage 2 treatment, taken
to be optimal for everybody.
Formally, starting with the second stage of intervention, we
define the second stage treatments comparison through the blip
function
γ2 (a2 , h2 ) = E[log(T2a1 ,a2 ) − log(T2a1 ,0 )|η2 = 1, H2 = h2 ],
where we consider f (x) = log(x), stretching the domain to
R. The stage 2 blip function is interpreted as the difference
between the expected log-survival time within the second stage
of an individual who received some treatment a2 at stage 2
and the expected log-survival time within stage 2 of the same
individual had he received some reference treatment a2 = 0,
conditional on reaching the second stage and on his observed
history h2 . The blip function needs to satisfy γ2 (0, h2 ) = 0.
The optimal stage 2 treatment is that which maximizes the blip
opt
opt
a2 = arg maxa2 γ2 (a2 , h2 ). Note that a2 is a function of the
individual histories such that it may depend on the first and
second stage covariates as well as on the first stage treatment.
Next, consider the optimization of the first stage treatment.
The comparison of the stage 1 treatments is based on the hypothetical situation in which each individual who entered stage
opt
2 would have received their optimal stage 2 treatment a2 .
opt

T a1 ,a2

Let
denote the pseudo-overall survival time, hereafter
referred to as pseudo-outcome, had an individual received his
opt
optimal stage 2 treatment. It is defined as T a1 ,a2 = T1a1 +
opt

a ,a

η2 T2 1 2 to make explicit that individuals who did not enter the
second stage have their pseudo-outcome equal to their overall

3

opt

γ1 (a1 , h1 ) = E[log(T a1 ,a2 ) − log(T 0,a2 )|H1 = h1 ].
The stage 1 blip function is also interpreted as a difference of
expected log-transformed counterfactual outcomes and constrained to γ1 (0, h1 ) = 0. The optimal stage 1 treatment is that
opt
which maximizes the blip a1 = arg maxa1 γ1 (a1 , h1 ).
2.3. Accelerated Failure Time Specification
We operationalize the previous optimization procedure by specifying (semi-)parametric models for the blip functions. AFT
models are a natural choice for clinical decision-making, as the
modeling is performed and treatment strategies are compared
on the scale of interest: the expected survival time. We assume
an AFT model for log(T2a1 ,a2 ) as
log(T2a1 ,a2 ) = f2 (h2β ; β2 ) + a2 g2 (h2ψ ; ψ2 ) + 2 ,
where the errors 2 are independent and identically distributed
(iid) across subjects although more flexible forms such as splines
could be incorporated into the model. The distribution of the
errors is left unspecified with E(2 ) = 0. Note that if the
errors are not centered at zero, any deviation is absorbed in the
intercept. The model for log(T2a1 ,a2 ) is separated in two parts: a
stage 2 treatment-free component f2 (h2β ; β2 ) for any function
f2 which depends on (a subset of) the stage 2 history h2 but
not on the stage 2 treatment, and a stage 2 treatment effect
component a2 g2 (h2ψ ; ψ2 ) for any function g2 which depends on
(a potentially different subset of) the stage 2 history and specifically includes the main effect of treatment a2 and its interactions
with tailoring variables. A typical choice of parameterization is
a linear function
log(T2a1 ,a2 ) = β2T h2β + a2 ψ2T h2ψ + 2 .

(1)

Under Assumptions 1–2, the previous parameterization implies
a specific form of the stage 2 blip function given by
γ2 (a2 , h2 ; ψ2 ) = E[log(T2a1 ,a2 ) − log(T2a1 ,0 )|η2 = 1, H2 = h2 ; ψ2 ]
= β2T h2β + a2 ψ2T h2ψ − (β2T h2β + 0 × ψ2T h2ψ )
= a2 ψ2T h2ψ .
We identify the optimal stage 2 treatment for each individual
opt
who entered the second stage by a2 = I(ψ2T h2ψ > 0).
Now consider the construction of the counterfactual
survival
opt
time under optimal stage 2 treatment T̃ a1 ,a2 as


opt
T̃(ψ2 ) := T1 + η2 T2 × exp{ψ2T h2ψ [a2 − a2 ]}
emphasizing its dependency on the parameters in (1). An individual who received his optimal stage 2 treatment has the term
inside the exp(·) equal to zero and his pseudo-outcome equal to
his observed survival time, that is, T̃(ψ2 ) = T. An individual
who did not receive his optimal treatment has the term inside
the exp(·) greater than zero and his pseudo-outcome larger than
his observed outcome, that is, T̃(ψ2 ) > T. An individual who
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did not enter the second stage has his pseudo-outcome equal to
his observed outcome.
The optimization of the first stage treatment proceeds in a
similar manner but using the counterfactual survival time under
opt
optimal stage 2 treatment T̃ a1 ,a2 as criterion of optimality. We
assume an AFT model for the pseudo-outcome, for example, as
in (1) as
log(T̃

opt

a1 ,a2

)=

β1T h1β

+ a1 ψ1T h1ψ

+ 1 ,

(2)

where the errors 1 are iid with distribution left unspecified. The
model is also separated in two parts: a stage 1 treatment-free
model β1T h1β and a stage 1 treatment effect model a1 ψ1T h1ψ . As
above, this parameterization yields a specific form for the stage
1 blip function and optimal decision rule.
This demonstrates that positing an AFT model can be viewed
as considering a restricted class of regimes Dψ whose elements
are indexed by the parameters ψ = (ψ1 , ψ2 ) involved in the
decision rules. The form of the decision rules resulting from
opt
the proposed linear parameterization aj = I(ψjT hjψ > 0)
is motivated by interpretability and feasibility in practice. For
instance, decision rules involving cut-offs are natural and easy
to implement in clinical practice.
2.4. Estimation and Inference
Interest lies in the estimation of the parameters ψ involved in
the decision rules. The estimation procedure needs to account
for right-censoring. For this, we use IPCW methods (Robins
and Rotnitzky 1992) with weights proportional to P( =
1|Hj , Aj , ηj = 1). At each stage, the IPCW create a pseudopopulation with the same size and same distribution of covariates of the original study population with ηj = 1 by replacing
the censored individuals by copies of the uncensored individuals
with similar treatments and covariates (Hernán and Robins
2010). The estimation procedure accounts for nonrandomized
treatment assignments, also via a weighting argument. A positivity assumption is required: at each stage, P(Aj = aj |Hj , ηj =
1) > 0 for all treatment options aj and P( = 1|Hj , Aj , ηj =
1) > 0. The following algorithm details the estimation procedure:

4. Specify two parametric models for the probability of treatment within stage 1 and the probability of censoring from
stage 1 onward, respectively, denoted by P(A1 = 1|H1 ; α1 )
and P( = 0|H1 , A1 ; λ1 ).
5. Specify weights w1 (δ, a1 , h1 ; α̂1 , λ̂1 ) and estimate the stage 1
parameters (β1 , ψ1 ) by solving the following weighted GEE
U1 (ψ1 , β1 ; ψ̂2 ) =


n

i=1


δi ŵi1

hi1β
ai1 hi1ψ

(4)


log{T̃i (ψ̂2 )} − β1T hi1β − ai1 ψ1T hi1ψ = 0.

The form of the weights w1 and w2 must satisfy the balancing
property stated in the theorem below (proof in Supplementary
Material A).
Theorem 1 (Balancing property). Under assumptions 1–3, solving the weighted GEE (3) and (4) will yield consistent estimators
of ψ if the weights satisfy the balancing property
[1 − g(0, hj )][1 − π(hj )]wj (0, 0, hj )
= g(0, hj )[1 − π(hj )]wj (0, 1, hj )

(5)

= [1 − g(1, hj )]π(hj )wj (1, 0, hj )
= g(1, hj )π(hj )wj (1, 1, hj ),
where π(hj ) = P(Aj = 1|Hj = hj , ηj = 1) and g(aj , hj ) =
P( = 1|Hj = hj , Aj = aj , ηj = 1), for j = 1, 2.
The balancing property defines an entire family of weights.
For example, the overlap weights
wj (δ, aj , hj ) =

|aj − P(Aj = 1|ηj = 1, hj )|
P( = δ|ηj = 1, aj , hj )

satisfy (5), extending a form of weights previously introduced in
the context of uncensored outcomes (Wallace and Moodie 2015;
Li, Morgan, and Zaslavsky 2018). They place more emphasis
on individuals with treatment probability 1/2, thus defining
a target population of substantive clinical interest, that is, the
individuals whose characteristics could appear in any treatment
group with equal probability (Li, Morgan, and Zaslavsky 2018).
IPCW further gives importance to individuals who were less
1. Specify two parametric models for the probability of treat- likely to experience an event.
The consistency and asymptotic normality of the blip estiment and the probability of censoring within stage 2, respectively, denoted by P(A2 = 1|H2 , η2 = 1; α2 ) and P( = mators ψ̂1 and ψ̂2 can be established under standard regularity
0|H2 , A2 , η2 = 1; λ2 ).
conditions and the additional assumption that optimal stage 2
2. Specify weights w2 (δ, a2 , h2 ; α̂2 , λ̂2 ) and estimate the stage 2 treatments are unique for all subjects (Moodie and Richardson
parameters (β2 , ψ2 ) by solving the following weighted gener- 2010) (see Supplementary Material B). The estimation procealized estimating equations (GEE)
dure offers the double-robustness property. At each stage of
optimization j, solving the corresponding weighted GEE yields

n

hi2β
(3) unbiased estimators of the parameters ψj when either or both
δi ηi2 ŵi2
U2 (ψ2 , β2 ) =
ai2 hi2ψ
the treatment-free model βjT hj or the weighting models, which
i=1
include the treatment model P(Aj = 1|Hj , ηj = 1; αj ) and the
log(Ti2 ) − β2T hi2β − ai2 ψ2T hi2ψ = 0.
censoring model P( = 0|Hj , Aj , ηj = 1; λj ), are correctly
Note that (3) uses outcomes only for individuals for whom specified provided that the form of the decision rule aj ψ T hjψ
j
δ = 1.
is correct. We derive a formula for the asymptotic variance of
3. Construct stage 1 pseudo-outcome as
the estimators ψ̂1 and ψ̂2 by performing a first-order Taylor


expansion of the GEE about the limiting distributions of the
T
T
T̃(ψ̂2 ) := T1 +η2 T2 × exp{ψ̂2 h2ψ [I(ψ̂2 h2ψ > 0) − a2 ]} .
nuisance parameters (Robins 2004; Moodie 2009).
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Note that the construction of the pseudo-outcome might
create impossible pseudo-overall survival times if the pseudooutcome exceeds the maximum possible follow-up time (see
examples in Hernán et al. (2005)). In the context of Gestimation, artificial censoring has been proposed as a solution
to correct for this, as such “impossible” pseudo-outcomes are
not only unsatisfying but lead to violations of the assumption
of independent censoring and survival times. However, this
artificial censoring has also been viewed as a major drawback
of G-estimation (Joffe 2001; Joffe, Yang, and Feldman 2012),
and has not been adopted in related approaches such as that of
Huang, Ning, and Wahed (2014); we follow these authors and
do not implement artificial censoring.

3. Simulations
We conducted a simulation study to compare the performance
of DWSurv to the method by Huang, Ning, and Wahed (2014),
hereafter referred to as the method by HNW. Unlike DWSurv,
this approach models the censoring time distribution rather
than the censoring probability. Also, it is not robust to model
misspecification, but instead requires correct specification of the
event-time models. The simulation study aimed to (i) evaluate
the accuracy, precision and associated inference of the blip
estimators, (ii) evaluate the ability to identify the true optimal
DTR, and (iii) compare the distribution of the survival time
under treatment assignment following the true optimal DTR,
the estimated DTR by the two methods and any fixed treatment
strategy.
We simulated data from an observational study with two
stages of intervention. Denote expit(v) = exp(v)/(1 + exp(v))
defined for v ∈ R and logit(u) = expit−1 (u) defined for
u ∈ (0, 1). For individual i, the first stage treatment was assigned
through a Bernoulli distribution with P(Ai1 = 1) = expit(−1 +
2Xi1 ) where Xi1 was a baseline continuous covariate generated
from a Uniform(0.1, 1.29). Similarly, the assignment of the second stage treatment was based on a Bernoulli distribution with
P(Ai2 = 1) = expit(2.8 − 2Xi2 ) where Xi2 was a continuous
covariate measured at the beginning of the second stage generated from a Uniform(0.9, 2). We generated i , the censoring
indicator, and ηi2 , the indicator of whether an individual entered
the second stage, independently from Bernoulli distributions
with probability 0.70 and 0.80, respectively.
For those who experienced an event and entered the second
stage (i = ηi2 = 1), we used the AFT model in (1) to generate
the survival time within the second stage as
3
Ti2 = exp(4+1.1Xi2 −0.2Xi2
−0.1Xi1 +Ai2 (−0.9+0.6Xi2 )+i2 ),

where i2 had a Normal distribution centered at zero with
opt
variance 0.09. The true optimal stage 2 treatment Ai2 , given by
I(−0.9 + 0.6Xi2 > 0), was used to calculate the stage 2 survival
time had everybody received their optimal stage 2 treatment as
opt

opt

Ti2 = exp{log(Ti2 ) + (Ai2 − Ai2 )(−0.9 + 0.6Xi2 )}.
For all individuals with i = 1, the (counterfactual) overall
survival time under optimal stage 2 treatment was generated
from the AFT model in (2) as

where i1 was also normally distributed with mean zero and
variance 0.09. For individuals who did not enter the second
stage, T̃i was their observed survival time, that is, Ti = T̃i .
For individuals who entered the second stage, their observed
survival time was derived as Ti = Ti1 + Ti2 where Ti1 = T̃i −
opt
Ti2 . For those who did not experience an event, we generated
the censoring times from an Exponential distribution with rate
1/300.
This data generating mechanism yielded 30% independent
censoring satisfying the assumptions on the censoring mechanism made by both DWSurv and the method by HNW. We also
considered data-generating mechanisms with 60% censoring
and with the censoring time and probability dependent on baseline covariates. Another data-generating mechanism considered
the probability of censoring dependent on time-varying covariates to assess the consistency and double-robustness of DWSurv
in more complex situations. Details on these alternatives data
generating mechanisms are given in Supplementary Material C.
To compare the accuracy and precision of the methods, we
considered four simulation scenarios. Scenario 1 assumed that
all models (treatment-free, treatment, censoring) were correctly
specified. Scenario 2 misspecified the weight models (treatment and censoring) and correctly specified the treatment-free
model. Scenario 3 had the treatment-free model misspecified
but the weight models correctly specified. Scenario 4 incorrectly
specified all models. To compare the distribution of the survival
time under different treatment assignment schemes, we estimated the optimal decision rules with DWSurv and the method
by HNW from one simulated dataset and then generated larger
datasets (n = 10,000) with treatment assignment following
the optimal decision rules estimated by the two methods. We
considered three sample sizes (n = 500, 1000, and 10,000) and
simulated 1000 datasets.1
Figure 1 shows the distribution of the blip estimators under
four scenarios, with sample size n = 1000. As expected, when
the treatment-free model was correctly specified (scenarios 1
and 2), both methods were unbiased. Our method yielded unbiased estimators when the weight models were correctly specified, even if the treatment-free model was not (scenario 3),
and biased estimators only when all models were misspecified.
The method by HNW was not robust to misspecification of
the treatment-free model. The precision of the estimators was
comparable between the two methods. Results were similar with
smaller and larger sample sizes, with a higher proportion of
censoring and with censoring dependent on baseline covariates.
With DWSurv, the proportion of individuals with the optimal DTR correctly identified was high. With the smallest sample
size (n = 500) and 30% independent censoring, DWSurv identified the true optimal DTR for an average of 94% of the individuals over the 1000 simulated datasets (range: 63%–100%).
In general, larger sample sizes or lower censoring percentages
yielded higher proportions of individuals with their true optimal
DTR correctly identified. The method by HNW yielded similar
results.
The distribution of the survival times under the optimal
treatment decision rules estimated by DWSurv was comparable
1

4
T̃i = exp(6.3 + 1.5Xi1 − 0.8Xi1
+ Ai1 (0.1 + 0.1Xi1 ) + i1 ),

5

In the event that a dataset contained at least one observation with negative
Ti1 , the whole dataset was discarded and a new dataset was generated.
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Figure 1. Distribution of the blip parameter estimates in the first stage (upper row) and second stage (lower row) with DWSurv (dark grey) and the method by HNW (light
grey) with sample size n = 1000 across four scenarios: (i) all the models correctly specified, (ii) weight models misspecified but treatment-free model correctly specified,
(iii) treatment-free model misspecified but weight models correctly specified, and (iv) all models incorrectly specified. The data were simulated with 30% censoring, with
both the probability of censoring and the censoring times independent of the survival times.

to that of the survival time under the true optimal DTR. With an
initial sample size of n = 500, the median survival time across
10,000 observations simulated according to the DTR estimated
by DWSurv was 7.07, which was equal to the median survival
time under the true optimal DTR. Because the true optimal
treatment is A1 = 1 for all individuals and the survival time
within the second stage contributed to, on average, only 22% of
the overall survival time (median: 11%), both fixed treatment
strategies with A1 = 1 also yielded a survival times distribution
comparable to the distribution of the survival times generated
under the true optimal DTR. The two fixed treatment strategies
with A1 = 0 yielded shorter survival times with median 6.90
in both cases. Detailed results are shown in Supplementary
Material C.

4. An Application to Rheumatoid Arthritis
We applied our proposed method to a cohort of patients with
RA. Current treatment recommendations from the ACR targeted remission time in patients with early RA. At symptom
onset, it was recommended that traditional disease-modifying
antirheumatic drug (DMARD) monotherapy be initiated. At a

follow-up visit, if disease activity remained moderate or high
despite DMARD monotherapy, it was recommended to use what
we will refer to as DMARD combination therapy and which
was defined as traditional double or triple DMARD therapies
or adding a tumor necrosis factor (TNF) inhibitor or a nonTNF biologic agent to the current regime. We aimed to estimate
similar rules in a DTR framework. We used data from the
SERA Inception Cohort (Dale et al. 2016), an ongoing cohort
of patients with a diagnosis of undifferentiated arthritis (UA) or
RA. Patients attended a baseline visit and follow-up visits every
6 months for 3 years, providing data on disease activity, demographics and drug prescription at each visit. Supplementary
Material D details key covariates, outcomes, drug categories, and
inclusion criteria.
The primary analysis aimed to estimate two treatment decision rules that minimized time to remission. The first stage of
clinical intervention started at the baseline visit and compared
DMARD monotherapy (A1 = 1) to DMARD combination
therapy (A1 = 0). The second stage started at the first followup visit and compared staying on the same therapy (A2 = 1) or
making an “acceptable” change to the current regime (A2 = 0).
Acceptable changes were switching, adding or discontinuing
a drug such that the resulting regime was either a DMARD
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monotherapy or DMARD combination therapy as described
in Table 1 of Supplementary Material D. The outcome was
time to remission measured from baseline until the Disease
Activity Score 28 (DAS28) erythrocyte sedimentation rate (ESR)
was lower or equal to 2.6, or the DAS28 C-reactive protein
level (CRP) was lower or equal to 2.3 if DAS28-ESR was not
measured. Patients were censored if they were lost to followup, made an unauthorized drug change or made any kind of
treatment change after the first follow-up visit. Details on the
implementation are available in Supplementary Material D.
In a secondary analysis, the same methodology was applied
to identify a sequence of treatments that minimized the time
until a 35% decrease in DAS28 score from baseline was
observed. This alternative endpoint was chosen to increase the
number of events, as the primary analysis was subject to an
unusually high proportion of censoring. For both analyses, we
conducted a complete-case analysis. In a sensitivity analysis, we
compared the results to single imputation analysis using chained
equations (White, Royston, and Wood 2011).
Table 2 in Supplementary Material D summarizes the
patients’ characteristics at baseline and at the first follow-up
visit. A total of 496 patients met our inclusion criteria among
which 488 had complete data. The median follow-up time was
307 days. Approximately 66% of the patients were on a DMARD
monotherapy in the first stage and 141 patients achieved
remission by the end of the first stage. A little less than half
of the patients (48%) reached the second stage of intervention,
among which 70% remained on the same treatment and only
11% were in remission before the end of the follow-up period.
Table 1 shows the parameter estimates involved in the construction of the two treatment decision rules along with measures of uncertainty in the primary and secondary analyses.
opt
At baseline, the treatment decision rule took the form a1 =
I(ψ̂10 + ψ̂11 DA1 < 0), where DAj was 1 if disease activity
was moderate or high at the beginning of stage j, 0 otherwise.
Although the effects are not significant, the decision rule recommends initiating DMARD monotherapy if disease activity
is moderate or high at baseline. At the first follow-up visit, the
opt
treatment decision rule a2 = I(ψ̂20 + ψ̂21 DA2 + ψ̂22 A1 < 0)
recommends changing the current regime if the patient was on
DMARD monotherapy in the first stage and staying on the same
regime otherwise. In the secondary analysis, although more
events were observed overall (243 events as opposed to 167 in
the primary analysis), fewer patients entered the second stage
(n = 144) among which a larger proportion (29%) experienced
an event. The decision rule in the second stage is different than
in the primary analysis. There was inconsistent evidence that
tailoring treatment based on disease activity or previous treat-

7

ment was warranted. Conclusions remained unchanged with
single imputation analyses (results not shown). We emphasize
that the analyses presented in this paper were not meant to
disprove the current treatment recommendations but rather
aimed to showcase the usefulness of DWSurv in answering a
clinical question.

5. Discussion and Conclusion
We proposed dynamic weighted survival modeling to estimate
an optimal DTR from observational data when the outcome
is survival time subject to right-censoring. At each stage of
intervention, our method requires solving weighted GEE with
mean structure corresponding to a semi-parametric AFT model
and weights that depend on models for the probability of being
censored and the probability of treatment. With weights satisfying the balancing property and under standard causal assumptions, the procedure is doubly robust as it yields consistent
estimators of the effect of treatment and its interactions with
tailoring variables at each stage if only a subset of the nuisance models is correctly specified. A broad class of balancing
weights are defined by combining IPCW with a function of the
probability of treatment. DWSurv is equipped with tools for
inference including formulas for the asymptotic variance of the
blip estimators and an approach to model-checking (Wallace,
Moodie, and Stephens 2016, 2017b). Its implementation by
other statisticians or epidemiologists is straightforward with the
DWSurv function in the DTRreg R package.
The definition of a stage of intervention was intentionally
left vague throughout the notations and derivations, allowing
for stages to be defined with respect to the clinical problem
under study. For example, our application to RA considered the
time between equally spaced follow-up visits as a stage. This
definition is likely relevant for many chronic diseases where the
patient’s condition is monitored routinely. Entering a stage of
intervention could also be viewed as a covariate whose value
depends on previous treatments. For example, the treatment of
cancer often includes an initial treatment followed by a salvage
treatment if cancer recurs. In this case, cancer recurrence defines
the beginning of a second stage. Regardless of the definition of a
stage, the estimated optimal decision rule in stage j applies to the
target population of individuals who reach this stage and require
this treatment.
Our simulation study considered complex data dependencies, especially with respect to the censoring mechanism.
The data-generating mechanism presented in this article was
designed to be fair to the compared methods with respect to the
assumptions made on the censoring mechanism. Alternative

Table 1. Inference for a two-stage DTR in the rheumatoid arthritis application.
Time to remission
Parameter
ψ10
ψ11 (DA1 )
ψ20
ψ21 (DA2 )
ψ22 (A1 )

Est.
Baseline (n = 488)
0.06
−0.10
1st follow-up (n = 236)
−0.08
0.08
0.28

35% decrease in DAS28

SE

95% CI

0.08
0.08

(−0.08, 0.21)
(−0.26, 0.06)

0.12
0.41
0.32

(−0.33, 0.16)
(−0.72, 0.89)
(−0.34, 0.90)

Est.
Baseline (n = 482)
0.09
−0.14
1st follow-up (n = 144)
−0.03
−0.22
0.14

NOTE: DAj , disease activity at the beginning of stage j; Est., estimates; SE, standard error; CI, confidence interval.

SE

95% CI

0.10
0.10

(−0.10, 0.29)
(−0.34, 0.06)

0.33
0.30
0.21

(−0.68, 0.62)
(−0.81, 0.38)
(−0.28, 0.55)
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data generating mechanisms were also designed to showcase
the performance of DWSurv in more realistic and complex
situations where both the probability of treatment and of
censoring depended on time-varying covariates. The simulation
study validated the double-robustness of the blip estimators in a
multistage setting when the probability of censoring depended
on baseline or time-varying covariates. In particular, when
censoring only depended on baseline information, the proposed
method showed equally good performance as the method by
HNW and outperformed it when all confounders were not
included in the treatment-free model.
The double-robustness of the blip estimators is an attractive theoretical property of the DWSurv algorithm. More than
merely providing additional protection against model misspecification, the double-robustness property allows taking advantage of clinical knowledge on the mechanisms of treatment
assignment and censoring through the specification of models
that are deemed easier to inform than the outcome model. The
double-robustness property can also be exploited for modelchecking purposes (Wallace, Moodie, and Stephens 2016).
A key requirement for DWSurv is that the survival time
needs to be modeled directly to estimate the pseudo-outcome
for a subset of individuals. The Cox model does not provide a
natural framework as it models the hazard function rather than
the survival time. It thus requires additional steps and modeling
assumptions to translate the estimated hazards into a pseudooutcome. AFT models provide an interesting alternative to Cox
models as they are concerned with the survival time directly. It
has been argued that subject-matter knowledge such as biological mechanisms is easier to translate into interpretable parameters of AFT models than into those of Cox models (Hernán
and Robins 2010). Note that any parametric survival models can
be used in DWSurv if a specific distribution is deemed more
appropriate in a particular setting.
DWSurv relies on the mean survival time to estimate the
decision rules. However, when administrative censoring is
heavy, the tail of the survival distribution may be ill-determined
and the restricted mean survival time, defined as the mean of the
survival time up to τ > 0, could then be used as an alternative
outcome (Karrison 1997). An additional data manipulation step
is required to define the restricted survival time Yτ as yτ = y
if y < τ and yτ = τ if y ≥ τ , where τ is chosen to be smaller
than the longest follow-up time, and an additional step in the
DWSurv algorithm would also be required when constructing
the pseudo-outcomes to ensure that the resulting counterfactual
overall survival time does not exceed τ .
As noted in Section 2, we followed Huang, Ning, and Wahed
(2014) and did not implement artificial censoring. While this
could lead to violations of the assumption of independence
between survival and censoring times (conditional on covariates), the found performance of our estimators was excellent.
There may be settings where this does not hold but any gain
in performance due to artificial censoring should be weighed
against the additional complexity of the approach relative to the
simplicity of the current implementation of DWSurv.
A limitation of our proposed method concerns the estimation of standard errors for the blip estimators. The asymptotic
variance formulas we have derived are useful when all models
are correctly specified. Although the formulas showed good

performance in finite samples, model misspecification may have
a significant impact on their performance. Moreover, under
specific longitudinal distributions of the data, all but the last
stage blip estimators may be nonregular in the sense that their
asymptotic distribution does not converge uniformly over the
parameter space (Robins 2004). Future work will look into the
performance of alternative standard error formulations in the
presence of nonregularity.
We illustrated our new method with an application to the
treatment of RA using observational data from the SERA Inception Cohort. We aimed to mimic the treatment decision rules
recommended in the 2015 ACR guidelines. We found inconsistent effects of tailoring treatment to disease activity or previous
treatment received on the two outcome definitions. Our analysis
was subject to some limitations. First, the use of corticosteroids
is a potential confounder which was not accounted for due to the
complexity of summarizing, in a low dimensional but meaningful way, drugs that are administered in different routes and at
varying frequencies and doses. Second, although we restricted
our analysis to patients who had their symptom onset less than
a year prior to entering the cohort, the baseline visit did not
necessarily coincide with the recommended timing of the first
treatment decision in the ACR guidelines. Patients might have
been on different treatments before baseline, leading to a form
of exposure misclassification. Finally, despite remission being
considered as the treatment goal in RA, there is no widely used
definition of remission (Felson et al. 2011). We used the DAS28ESR as suggested in the ACR guidelines. As approximately 40%
of the patients had missing DAS28-ESR score at baseline, we
used DAS28-CRP scores to define remission and disease activity
level when DAS28-ESR was not available. However, the DAS28
scores based on ESR and CRP are not directly comparable (Sengul et al. 2015; Son et al. 2016) and the DAS28-CRP has not
been fully validated although we appreciate that it is widely
used (Inoue et al. 2007; Kuriya et al. 2017). We acknowledge that
defining levels of disease activity and remission with different
thresholds of the DAS28-CRP might have led to different results
but emphasize that our analysis merely aimed to illustrate the
application of DWSurv to a real clinical problem.
The method that we have proposed in this article, DWSurv,
allows estimating an optimal DTR when the outcome of interest
is survival time subject to right-censoring. It is theoretically
attractive, offering double-robustness and valid asymptotic variance formulas for regular settings, and readily applicable in
R. Finally, DWSurv eases knowledge translation in the field
of precision medicine as it yields parameters that are easily
interpretable by clinical collaborators analogous to risk scores
and decision rules that can be applied in practice.

6. Software
In an effort to promote reproducible research, scripts in the form
of R code are available at https://github.com/gabriellesimoneau/
Rcode-JASA2019. For questions, comments or remarks about
the code, contact the corresponding author.

Supplementary Material
A contains a proof of the consistency and double-robustness of the blip estimators. Supplementary Material B presents the steps to derive the asymp-
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totic variance of the blip estimators. Supplementary Material C presents
additional simulation studies and results. Supplementary Material D provides details on the rheumatoid arthritis data application.
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