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Targeted Learning in real-world comparative
effectiveness research with time-varying
interventions
Romain Neugebauera ∗ , Julie A. Schmittdiela and Mark J. van der Laanb
In comparative effectiveness research (CER), the aim is often to contrast survival outcomes between exposure
groups defined by time-varying interventions. With observational data, standard regressions (e.g., Cox regression)
cannot account for time-dependent confounders on causal pathways between exposures and outcome nor for
time-dependent selection bias that may arise from informative right-censoring. Inverse Probability Weighting
(IPW) estimation to fit Marginal Structural Models (MSMs) has been applied most commonly in practice as
the solution to properly adjust for both the time-dependent confounding and selection bias that are expected in
longitudinal observational studies. In this report, we describe the application and performance of an alternate
estimation approach in such a study. The approach is based on the recently proposed Targeted Learning
methodology and consists in Targeted Minimum Loss based Estimation (TMLE) with Super Learning (SL) within
a nonparametric MSM. The evaluation is based on the analysis of electronic health records data with both IPW
estimation and TMLE to contrast cumulative risks under four more or less aggressive strategies for treatment
intensification in adults with type 2 diabetes already on 2+ oral agents or basal insulin. Results from previous
randomized experiments provide a surrogate gold standard to validate confounding and selection bias adjustment.
Bootstrapping is used to validate analytic estimation of standard errors. This report 1) establishes the feasibility
of TMLE in real-world CER based on large healthcare databases, 2) provides evidence of proper confounding
and selection bias adjustment with TMLE and SL, and 3) motivates their application for improving estimation
efficiency in practice.
Copyright c 2012 John Wiley & Sons, Ltd.
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1. Introduction
In comparative effectiveness research (CER), the aim is often to contrast survival outcomes between exposure groups
defined by time-varying interventions. In observational CER studies, these effects are represented by Marginal Structural
Models (MSMs) and their investigation is complicated by the time-dependent confounding and informative rightcensoring that are expected with longitudinal data. Standard regression techniques (e.g., Cox regression) are inadequate
[1, 2] to account for not only time-dependent confounders on causal pathways between the exposures and outcome but
also for time-dependent selection bias that may arise from right-censoring [3]. To date, Inverse Probability Weighting

a

Division of Research, Kaiser Permanente Northern California, Oakland, CA
Division of Biostatistics, School of Public Health, University of California, Berkeley, CA
∗
Correspondence to: Romain.S.Neugebauer@kp.org
b

Contract/grant sponsor: This project was funded under Contract No. HHSA29020050016I from the Agency for Healthcare Research and Quality, US Department of
Health and Human Services as part of the Developing Evidence to Inform Decisions about Effectiveness (DEcIDE) program. The authors of this report are responsible
for its content. Statements in the report should not be construed as endorsement by the Agency for Healthcare Research and Quality or the US Department of Health
and Human Services.

Statist. Med. 2012, 00 1–25
Prepared using simauth.cls [Version: 2010/03/10 v3.00]

Copyright c 2012 John Wiley & Sons, Ltd.

To be submitted to Statistics in Medicine

Statistics
in Medicine

R. Neugebauer et al.

(IPW) estimation has been the solution of choice to fit MSM in real-world CER studies [4, 5, 6, 7, 8, 9] despite
the early development of an alternate estimation approach, augmented-IPW (A-IPW) estimation [10, 11, 12, 13, 14],
which is both doubly robust and locally efficient. These two properties may translate in practice into 1) more reliable
effect estimates since double robustness provides two chances for proper confounding and selection bias adjustment
(i.e., inference can remain valid even if the treatment and action mechanisms on which IPW estimation relies are not
estimated consistently), and 2) more precise effect estimates compared to IPW estimates and hence the possibility for
earlier detection of differential safety or effectiveness signals. The complexity of implementation of A-IPW estimation
with time-varying exposures largely explains its limited use in practice [15, 14].
Recently, Targeted Learning [16] was proposed as an alternative to IPW and A-IPW estimation for drawing
causal inferences in problems with both point treatment and time-varying interventions of interest. Targeted Learning
encompasses a general doubly robust and efficient estimation methodology that is coupled with Super Learning (SL)
[17] to data-adaptively estimate the nuisance parameters on which relies estimation of the estimand of interest. While this
approach and its asymptotic properties were derived from a formal theoretical framework and mostly tested with simulated
and real-word point treatment data, there remains a need for further practical evaluation of this general methodology for
applications in problems with time-varying interventions. Early evaluation of Targeted Learning for CER with timevarying exposures based on real-world data from a large healthcare database [18] revealed the practical complexity of
a Targeted Maximum Likelihood Estimation algorithm initially proposed for implementation of Targeted Learning with
time-varying interventions. Subsequently, an alternate algorithm was developed which greatly simplifies applications of
Targeted Learning in problems with time-varying interventions and a limited number of time-varying covariates [19].
Current experience with these algorithms precludes however their routine applications in real-world CER problems that
often require to control for medium to high-dimensional time-varying covariates. More recently, van der Laan and Gruber
(2012) [20] derived a Targeted Minimum Loss based Estimation (TMLE) algorithm for evaluating the effect of timevarying interventions based on a general Targeted Learning estimation road map [21, 22] applied with a key identifiability
result from Bang and Robins (2005) [14]. Compared to previously proposed Targeted Learning algorithms, TMLE further
simplifies implementation of Targeted Learning in CER studies with time-varying interventions and in particular if control
for medium to high-dimensional time-varying covariates is needed.
Using a real-world CER study, our first objective is to describe the application of this algorithm, evaluate its computation
burden and assess its performance with confounding and selection bias adjustment. Motivation for preferring a TMLE
approach over an IPW estimation approach in CER includes i) the mitigation of concerns over violation of the assumption
of consistent estimation of the treatment and right-censoring mechanisms (double robustness property), and ii) a possible
gain in the precision of the effect estimates with non-rare outcomes (efficiency property). Our second objective here is to
evaluate the potential for gain in estimation efficiency with TMLE over IPW estimation in practice.
Our evaluation is based on the analysis of electronic health record data with both IPW estimation and TMLE to contrast
cumulative risks under four more or less aggressive strategies for treatment intensification in adults with type 2 diabetes
on 2+ oral agents or basal insulin. Results from previous randomized experiments provide a surrogate gold standard to
validate confounding and selection bias adjustment. Bootstrapping is used to validate analytic estimation of standard errors
on which is based the evaluation of potential efficiency gains with TMLE and SL.

2. Evaluation with a real-world CER study
In this section, we describe the CER question, answers from previous randomized studies, and the observational study on
which is based the evaluation in this report. We also introduce formal notation for representing the data structure and the
parameter of interest in this analysis.
2.1. Research question and previous trial results
It has long been hypothesized that aggressive glycemic control is an effective strategy to reduce the occurrence of common
and devastating microvascular and macrovascular complications of type 2 diabetes (T2DM). A major goal of clinical care
of T2DM is minimization of such complications through a variety of pharmacological treatments and interventions to
achieve recommended levels of glucose control. The progressive nature of T2DM results in frequent revisiting of treatment
decisions for many patients as glycemic control deteriorates. Widely accepted stepwise guidelines start treatment with
metformin, then add a secretagogue if control is not reached or deteriorates. Insulin or (less frequently) a third oral agent
is the next step. Thus, it is common for T2DM patients to be on multiple glucose-lowering medications.
Current recommendations specify target hemoglobin A1c of <7% for most patients [23, 24]. However, evidence
supporting the effectiveness of a blanket recommendation is inconsistent across several outcomes [25, 26, 27, 28, 29,
30, 31, 32], especially when intensive anti-diabetic therapy is required. In this report, we aim to evaluate the impact
2 www.sim.org
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of progressively more aggressive glucose-lowering strategies on the development or progression of albuminuria, a
microvascular complication in T2DM.
In the ACCORD and ADVANCE clinical trials published from 2008 to 2010 [33, 34, 35], intensive glucose-lowering
strategies using multiple classes of glucose-lowering agents succeeded in reducing A1c levels substantially. In the
ADVANCE trial, the more intensive therapy arm aimed to reach an A1c level <6.5% and achieved a mean A1c level
of 6.5%, compared to a mean level of 7.3% in the control arm. In the ACCORD trial, the more intensive arm aimed for an
A1c of <6%, and achieved a mean A1c of 6.4% (vs. 7.5% in controls). There is substantial data from both trials [36, 37]
to support the hypothesis [38, 39] that, in general, those with T2DM who are treated to lower A1c levels may have lower
rates of onset and progression of albuminuria (e.g., HR: 0.79,0.66-0.93 in ADVANCE).
2.2. An observational, multi-center, retrospective, cohort study
The effects of intensive treatment remain uncertain, and the optimal target levels of A1c for balancing benefits and risks
of therapy are not clearly defined. In addition, no additional major trials addressing these questions are underway.
For these reasons, using the electronic health records (EHR) from patients of seven sites of the HMO Research Network
[40], a large retrospective cohort study of adults with T2DM was assembled to evaluate the impact of progressively more
aggressive glucose-lowering strategies on several clinical outcomes. To properly account for time-dependent confounding
and informative selection bias, a dynamic MSM [41, 42, 43, 44] was fitted using IPW estimation [41, 45, 46] for the
purpose of contrasting cumulative risks under the following four treatment intensification (TI) strategies denoted by dθ :
’patient initiates TI at the first time her A1c level reaches or drifts above θ% and patient remains on the intensified therapy
thereafter’ with θ =7, 7.5, 8, or 8.5.
Details of the study design, analytic approach, and results are described elsewhere [47, 48]. In brief, results were
consistent with that of ACCORD and ADVANCE and imply that the pattern of results in these trials are applicable to a
large population of adults with T2DM treated in routine clinical settings. In particular, findings from the observational
study confirmed the benefit of tight glycemic control with respect to the development or progression of albuminuria.
Here, we report on results from secondary analyses of the same observational data to contrast the same four
counterfactual survival curves indexed by the TI strategies described above for the purpose of evaluating the performance
of TMLE compared to IPW estimation. We now formally describe the observational data and the parameter of interest
before describing the TMLE approach and its IPW analog.
2.3. Data, parameter of interest and assumptions
The observed data on each patient in the cohort consist of measurements on exposure, outcome, and confounding variables
made at 90-day intervals between study entry and until each patient’s end of follow-up. The time (expressed in units of
90 days) when the patient’s follow-up ends is denoted by T̃ and is defined as the earliest of the time to failure, i.e.,
albuminuria development or progression, denoted by T or the time to a right-censoring event denoted by C . When
a patient is right-censored, i.e., T̃ = C , the type of right-censoring event experienced by the patient is recorded and
denoted by Γ with possible values 1, 2, or 3 to represent end of follow-up by administrative end of study, disenrollment
from the health plan, or death respectively. For patients with normoalbuminuria at study entry, i.e., microalbumin-tocreatinine ratio (ACR) <30, we defined failure as an ACR measurement indicating either microalbuminuria (ACR 30 to
300) or macroalbuminuria (ACR>300). For patients with microalbuminuria at study entry, we defined failure as an ACR
measurement indicating macroalbuminuria. We thus excluded patients with a baseline ACR measurement missing (5884)
or indicating macroalbuminuria (1608), which yielded the sample size n = 51, 179. The indicator that the follow-up time
T̃ is equal to the failure time T is denoted by ∆ = I(T̃ = T ). At each time point t = 0, . . . , T̃ , the patient’s exposure to an
intensified diabetes treatment is represented by the binary variable A1 (t), and the patient’s right-censoring status is denoted
by the indicator variable A2 (t) = I(C ≤ t). The combination A(t) = (A1 (t), A2 (t)) is referred to as the action at time t.
At each time point t = 0, . . . , T̃ , covariates (e.g., A1c measurements) are denoted by the multi-dimensional variable L(t)
and defined from measurements that occur before the action at time t, A(t), or are otherwise assumed not to be affected
by the actions at time t or thereafter, (A(t), A(t + 1), . . .). In particular, the covariates at time t include an outcome
measurement denoted by Y (t), i.e., Y (t) ∈ L(t) for t = 0, . . . , T̃ . For each time point t = 0, . . . , T̃ + 1, the outcome is
the indicator of past failure, i.e., Y (t) = I(T ≤ t − 1). By definition, the outcome is thus 0 for t = 0, . . . , T̃ , missing at
t = T̃ + 1 if ∆ = 0 and, 1 at t = T̃ + 1 if ∆ = 1. To simplify notation, we use overbars to denote covariate and exposure
histories, e.g., a patient’s exposure history through time t is denoted by Ā(t) = (A(0), . . . , A(t)). Following the MSM
framework [41], we approach the observed data in this study as realizations of n independent and identically distributed
copies of O = (T̃ , ∆, (1 − ∆)Γ, L̄(T̃ ), Ā(T̃ ), ∆Y (T̃ + 1)) denoted by Oi for i = 1, . . . , n. The longest observed follow-up
time is maxi=1,...,n T̃i = 36 (9 years). Details about the approach implemented for mapping EHR data into the coarsened
exposure, covariate and outcome data for each patient was described elsewhere [47, Appendix E].
Statist. Med. 2012, 00 1–25
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In this study, we aim to evaluate the effect of dynamic treatment interventions on the cumulative risk of failure at a
pre-specified time point t0 , e.g., t0 = 11 to investigate cumulative risks of failure over three years. The dynamic treatment
interventions of interest correspond to treatment decisions made according to the the clinical policies for initiation of
an intensified therapy based on the patient’s evolving A1c level. These policies denoted by dθ were described above.
Formally, these policies are individualized action rules [43] defined as a vector function dθ = (dθ (0), . . . , dθ (t0 )) where
each function, dθ (t) for t = 0, . . . , t0 , is a decision rule for determining the action regimen (i.e., a treatment and rightcensoring intervention) to be experienced by a patient at time t. A decision rule dθ (t) maps the action and covariate
history measured up to a given time t to an action regimen at time t: dθ (t) : (L̄(t), Ā(t − 1)) 7→ (a1 (t), a2 (t)). In this
study, the decision rules of interest are defined such that dθ (t)((L̄(t), Ā(t − 1)) is:
• (a1 (t), a2 (t)) = (0, 0) (i.e., no use of an intensified treatment and no right-censoring) if and only if the patient was
not previously treated with an intensified therapy (i.e., Ā(t − 1) = 0) and the A1c level at time t (an element of L(t))
was lower than or equal to the threshold θ.
• (a1 (t), a2 (t)) = (1, 0) (i.e., use of an intensified treatment and no right-censoring) otherwise.

The parameter of interest denoted by ψ θ1 ,θ2 is the difference between the cumulative risks at time t0 associated with any
two distinct treatment strategies dθ1 and dθ2 :
ψ θ1 ,θ2 = P (Ydθ1 (t0 + 1) = 1) − P (Ydθ2 (t0 + 1) = 1).

For conciseness, we refer the reader to earlier work [47, Appendices B and D] for a description of the concepts and the
counterfactual statistical framework on which relies the definition of this parameter of interest.
Identifiability of this parameter with the observational data above relies on at least three assumptions detailed elsewhere
[47, Appendices C]: no unmeasured confounders, positivity, and consistent estimation of the action mechanism. If the
MSM framework above (missing data framework) is not explicitly resting on the more general structural framework
through additional explicit assumptions encoded by a causal diagram [49], then an additional assumption referred to as
consistency assumption is made [50, 51]. Under these identifiability assumptions, the causal parameter ψ θ1 ,θ2 can be
expressed as a statistical parameter, i.e., a parameter of the observed data distribution (as opposed to the counterfactual
data distribution).
In addition, a more or less flexible non-saturated MSM may be assumed [4, 52, 53, 54, 5]. The assumption encoded
by such an MSM typically imposes constraints on the survival curves that underlie the definition of the parameter of
interest ψ θ1 ,θ2 . In practice, specification of a non-saturated MSM is essentially an arbitrary choice that does not encode
real knowledge about the true survival curves of interest. The previous CER analysis of these observational data was
based on such a MSM although minimal constraints were actually imposed since the MSM chosen was relatively close
to saturation. Approaches to hedge against the bias that would arise from MSM misspecification in practice have been
proposed [55] and are still being researched [56].
Alternatively, the MSM may be left nonparametric, i.e., no additional assumptions are made (e.g., through specification
of a saturated MSM). This is the approach taken here because it reflects the absence of knowledge about the true functional
forms of the four survival curves of interest.

3. An alternative to Inverse Probability Weighting estimation
Targeted Learning was proposed as a general approach for estimating low dimensional parameters of the unknown
probability distribution that underlies the observed data collected in an observational or randomized study. In the Targeted
Learning literature, the parameter of interest is referred to as the ’target parameter’. In particular, Targeted Learning
can be used to estimate the target parameter ψ θ1 ,θ2 under the identifiability assumptions discussed earlier and is then an
alternative to IPW estimation of MSM parameters. Similar to other estimation methodologies, estimation with Targeted
Learning is based on a statistical model that restricts the set of possible data generating distributions. In particular, such a
model often imposes constraints on nuisance parameters (e.g., propensity scores), i.e., parameters that are not of interest
but that are used as the building blocks for deriving an estimate of the target parameter. Contrary to standard practice
with other estimation approaches, a tenet of Targeted Learning is that estimation should be conducted based on ’honest’
statistical models in practice. By ’honest’, we mean a model that is specified based on knowledge as opposed to models
that are specified for convenience. In most if not all real-world studies, little subject-matter knowledge is available to
honestly restrict the set of possible data generating distributions. Estimation with Targeted Learning is thus typically
based on a nonparametric model and machine learning is then used for estimating nuisance parameters instead of an
arbitrarily specified model that would likely lead to incorrect study findings. The general Targeted Learning methodology
for estimating the target parameter based on machine learning estimates of the nuisance parameters is referred to as
4 www.sim.org
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Targeted Minimum Loss based Estimation† . More specifically, Targeted Learning is the combination of TMLE with a
particular machine learning algorithm discussed later and called Super Learning. TMLE is an estimation methodology
based on the ’substitution principle’: the target parameter (denoted by ψ ) is expressed as a mapping (denoted by Ψ) of a
component (denoted by Q) of the data generating distribution, i.e. ψ = Ψ(Q), and a substitution estimator of ψ may then
be defined as Ψ(Qn ) for any given estimator Qn of Q. TMLE involves two steps for estimating the nuisance parameter Q.
First, an initial estimator Qn of Q is implemented. Second, this initial estimator is updated for the purpose of optimizing
the bias variance trade-off for the target parameter. The updated estimator of Q is denoted by Q∗n and is derived based on
another component of the data generating distribution (denoted by g and referred to as the action mechanism). TMLE is
defined as estimation with the substitution estimator Ψ(Q∗n ). TMLE is mathematically devised such that Ψ(Q∗n ) is a doubly
robust and possibly efficient estimator and such that valid statistical inference can be derived with this estimator even
with data-adaptive estimation of the nuisance parameters. Double robustness means that Ψ(Q∗n ) is a consistent regular
asymptotically linear estimator of the target parameter as long as at least one of two nuisance parameters, Q or g , are
consistently estimated. When both nuisance parameters, Q and g , are estimated consistently, TMLE is efficient in the
sense that Ψ(Q∗n ) attains the semiparametric efficiency bound in a model that potentially includes constraints on g , i.e.,
the variance of any regular asymptotically linear estimator of ψ in such a model is greater than or equal to the variance
of Ψ(Q∗n ). The mathematical derivation of TMLE for any given observed data and target parameter is based on a well
defined technical road map [21, 22] that is comprehensively described in van der Laan and Rose (2011) [16] (e.g. chapter
5). A brief description of this road map is described in van der Laan and Gruber (2012) [20] and applied for estimation
of target parameters defined by time-varying interventions such as the parameter ψ θ1 ,θ2 of interest in this report. Unlike
previous application of the technical road map for TMLE, the application in van der Laan and Gruber (2012) relies on a
novel representation of the target parameter with a mapping Ψ defined by an iterative sequence of conditional expectations
of the outcome of interest which was originally exploited in Bang and Robins (2005) [14]. This innovation results in a
more practicable TMLE algorithm. In sections 3.1 and 3.2, we provide an applied description of this TMLE algorithm for
estimating ψ θ1 ,θ2 based on the new notation below.
To simplify the formal description of the TMLE algorithm below, we adopt the following new definitions and notation.
For any given observed covariate history through time t denoted by L̄(t), the action regimen (a(0) = dθ (0)(L(0)), a(1) =
dθ (1)(L̄(1), a(0)), . . . , a(t) = dθ (t)(L̄(t), ā(t − 1))) through time t is denoted by dθ (L̄(t)). For a patient who experiences
failure before t0 (i.e., when ∆ = 1 and T̃ < t0 ), we extend the definition of her observed data through t0 + 1 by including
the outcome variables Y (t + 1) = I(T ≤ t − 1) = 1 for T̃ < t ≤ t0 . With this extension, the observed data structure
becomes:
O = (T̃ , ∆, (1 − ∆)Γ, L̄(T̃ ), Ā(T̃ ), ∆Ȳ (T̃ + 1, max(T̃ , t0 ) + 1)),
′

′

′

where ∆Ȳ (t, t ) = (∆Y (t), . . . , ∆Y (t )) with t ≤ t . To simplify expressions below, the outcome Y (t + 1) for T̃ ≤ t ≤
max(t0 , T̃ ) when ∆ = 1 is also denoted with L(t + 1) and the observed data can thus be expressed as:
O = (T̃ , ∆, (1 − ∆)Γ, L̄(T̃ ), Ā(T̃ ), ∆L̄(T̃ + 1, max(T̃ , t0 ) + 1)).

Finally, we define Ť (t) = min(T̃ , t) for t = 0, . . . , t0 and the cumulative counterfactual risk P (Ydθ (t0 + 1) = 1) for any
given θ is denoted by γ θ .
The proposed Targeted Learning approach for estimating ψ θ1 ,θ2 consists in estimating each of the two risks γ θ1 and γ θ2 ,
separately, with the TMLE algorithm described in section 3.1 that was derived based on the following iterative sequence
of conditional expectations for representing γ θ :
 
  




θ
γ = E E . . . E E E Y (t0 + 1) | F (t0 ) | F (t0 − 1) | F (t0 − 2) . . . | F (0)
with F (t) = (Ā(Ť (t)) = dθ (L̄(Ť (t))), L̄(t)). An estimate of the risk difference (RD) of interest, ψ θ1 ,θ2 , is then derived by
taking the difference between the two resulting estimators denoted by γnθ1 ,∗ and γnθ2 ,∗ , respectively. Inference for the RD
is derived based on the influence curve of these two estimators and the delta method [57] as described in section 3.2.
3.1. Point estimation with TMLE
The following TMLE algorithm was adapted from the algorithm proposed by van der Laan and Gruber [20]. Each step
below is implemented sequentially for a given θ to estimate the cumulative risk γ θ :
θ
1. Estimate P (A(t) = dθ (L̄(t)) | L̄(t), Ȳ (t) = 0, Ā(t − 1) = dθ (L̄(t − 1))) denoted by gA(t)
for t = 0, . . . , t0 .

†

The methodology is also referred to as Targeted Maximum Likelihood Estimation when it is based on the log-likelihood loss function [19].
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θ
For each t, gA(t)
represents the conditional probability that a patient’s exposure and right-censoring status at time
t remain concordant with the action implied by the decision rule dθ given i) that the patient did not fail before
t, ii) that her past actions are concordant with action decisions according to rule dθ , and iii) her past observed
θ
covariates L̄(t). For this report, several approaches to estimate gA(t)
were implemented but all are based on separate
estimation of each element of the factorization of the action mechanism at time t, i.e., P (A(t) | L̄(t), Ȳ (t) =
0, Ā1 (t − 1), Ā2 (t − 1) = 0). The same factorization is typically used to estimate the denominator of the weights in
IPW estimation. Specifically, the following probabilities were estimated separately with one of several approaches
detailed later:

• Propensity score (PS) for TI initiation denoted by µ1 :
P (A1 (t) = 1 | L̄(t), Ȳ (t) = 0, Ā1 (t − 1) = 0, Ā2 (t) = 0)
• PS for TI continuation denoted by µ2 :
P (A1 (t) = 1 | L̄(t), Ȳ (t) = 0, Ā1 (t − 2), A1 (t − 1) = 1, Ā2 (t) = 0)
• PS for right-censoring by administrative end of study denoted by µ3 :
P (I(A2 (t) = 1, Γ = 1) = 1 | L̄(t), Ȳ (t) = 0, Ā1 (t − 1), Ā2 (t − 1) = 0),

where I(·) denotes an indicator variable
• PS for right-censoring by disenrollment from the health plan denoted by µ4 :
P (I(A2 (t) = 1, Γ = 2) = 1 | L̄(t), Ȳ (t) = 0, Ā1 (t − 1), Ā2 (t − 1) = 0, I(A2 (t) = 1, Γ = 1) = 0)
• PS for right-censoring by death denoted by µ5 :
P (I(A2 (t) = 1, Γ = 3) = 1 | L̄(t), Ȳ (t) = 0, Ā1 (t − 1), Ā2 (t − 1) = 0, I(A2 (t) = 1, Γ = 1) = 0, I(A2 (t) = 1, Γ = 2) = 0)

For patients who followed rule dθ through t (i.e., for whom Ā(t) = dθ (L̄(t))), an estimate of the nuisance parameter
θ
can be derived from estimates of these 5 PS based on the following equality implied by factorizing the action
gA(t)
mechanism at time t using the chain rule:
A (t)

θ
gA(t)
= I(Ā1 (t − 1) = 0)µ1 1

A (t)

(1 − µ1 )1−A1 (t) + I(A1 (t − 1) = 1)µ2 1


(1 − µ2 )1−A1 (t) (1 − µ3 )(1 − µ4 )(1 − µ5 ).

(1)

θ
θ
.
is denoted by gA(t),n
The estimate of gA(t)
2. Derive an initial estimate of E(Y (t0 + 1) | Ā(Ť (t0 )) = dθ (L̄(Ť (t0 ))), L̄(t0 )) denoted by QθL(t0 +1) (L̄(t0 )).
Note that L̄(t0 + 1) is always defined in the extended observed data structure when Ā(Ť (t0 )) = dθ (L̄(Ť (t0 )))
because Ā(Ť (t0 )) = dθ (L̄(Ť (t0 ))) implies either i) Ť (t0 ) = t0 and Ť (t0 ) < T̃ or ii) Ť (t0 ) = T̃ = T and
Ť (t0 ) ≤ t0 (since Ť (t0 ) = T̃ = C is not possible when Ā(Ť (t0 )) = dθ (L̄(Ť (t0 )))). The conditional expectation
QθL(t0 +1) (L̄(t0 )) is thus well defined and we have:


QθL(t0 +1) (L̄(t0 )) = 1 + I(Ȳ (t0 ) = 0) E(Y (t0 + 1) | Ā(t0 ) = dθ (L̄(t0 )), L̄(t0 ), Ȳ (t0 ) = 0) − 1 .

(2)

This step thus reduces to the estimation of E(Y (t0 + 1) | Ā(t0 ) = dθ (L̄(t0 )), L̄(t0 ), Ȳ (t0 ) = 0), i.e., the conditional
probability that a patient experiences the failure event at time t0 given i) that she experienced no such event
previously and no censoring event before and at t0 , ii) that she were continuously treated according to strategy dθ
through t0 , and iii) her covariates through t0 , L̄(t0 ). For this report, several approaches to estimate this probability
were implemented and are detailed later. All enforce that the estimate lies in the [0,1] interval and all rely
solely on data from patients who did not fail before t0 and who followed rule dθ through t0 (i.e., Ȳ (t0 ) = 0 and
Ā(t0 ) = dθ (L̄(t0 ))). The initial estimate of the nuisance parameter QθL(t0 +1) (L̄(t0 )) is denoted by QθL(t0 +1),n (L̄(t0 ))
and is defined as follows: i) For a patient who did not experience failure before t0 and who followed rule dθ through
t0 , QθL(t0 +1),n (L̄(t0 )) is the estimate of the conditional probability just described, ii) For a patient who did experience
failure before t0 and who followed rule dθ until failure, QθL(t0 +1),n (L̄(t0 )) is set to 1 in accordance with equality
(2).
3. Update the initial estimate of QθL(t0 +1) (L̄(t0 )).
This update is implemented by logistic regression for predicting Y (t0 + 1) based on an intercept model with an offset
variable fitted with weights, and using only data from patients who did not fail before t0 (i.e., Ȳ (t0 ) = 0) and who
6 www.sim.org
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followed rule dθ through t0 (i.e., Ā(t0 ) = dθ (L̄(t0 ))). The weight and offset associated with the outcome Y (t0 + 1)
from any patient whose data contribute to this logistic regression are defined as logit(QθL(t0 +1),n (L̄(t0 ))) =

 θ
QL(t0 +1),n (L̄(t0 ))
and Qt0 1gθ
log 1−Qθ
, respectively. The estimate of the intercept resulting from this weighted
(L̄(t0 ))
L(t0 +1),n

t=0

A(t),n

logistic regression is denoted by ǫn . The updated estimate of QθL(t0 +1) (L̄(t0 )) is denoted by Qθ,∗
L(t0 +1),n (L̄(t0 )) and
is defined as follows: i) For a patient who did not experience failure before t0 and who followed rule dθ through
1
θ
t0 , Qθ,∗
L(t0 +1),n (L̄(t0 )) is expit[logit(QL(t0 +1),n (L̄(t0 ))) + ǫn ] where expit(t) = 1+exp (−t) . ii) For a patient who did
experience failure before t0 and who followed rule dθ until failure, Qθ,∗
L(t0 +1),n (L̄(t0 )) is set to 1 in accordance with
equality (2).
4. Repeat the following two steps for k = t0 − 1, . . . , 0:
(a) Derive an initial estimate of E(QθL(k+2) (L̄(k + 1)) | Ā(Ť (k)) = dθ (L̄(Ť (k))), L̄(k)) denoted by
QθL(k+1) (L̄(k)).
Note that L̄(k + 1) is always defined in the extended observed data structure when Ā(Ť (k)) = dθ (L̄(Ť (k)))
because Ā(Ť (k)) = dθ (L̄(Ť (k))) implies either i) Ť (k) = k and Ť (k) < T̃ or ii) Ť (k) = T̃ = T and Ť ≤ k .
The conditional expectation QθL(k+1) (L̄(k)) is thus well defined and we have:

QθL(k+1) (L̄(k)) = 1 + I(Ȳ (k) = 0) E(QθL(k+2) (L̄(k + 1)) | Ā(k) = dθ (L̄(k)), L̄(k), Ȳ (k) = 0) − 1 . (3)
This step thus reduces to the estimation of

E(QθL(k+2) (L̄(k + 1)) | Ā(k) = dθ (L̄(k)), L̄(k), Ȳ (k) = 0),

(4)

i.e., the conditional expectation of the continuous measure QθL(k+2) (L̄(k + 1)) (itself a conditional expectation
between 0 and 1) characterizing a patient at time k + 1 given i) that she did not experience failure before k and
no censoring event before and at k , ii) that she were continuously treated according to strategy dθ through k ,
and iii) her baseline and past time-varying covariates through k , L̄(k). For this report, several approaches to
estimate this expectation were implemented and are detailed later. All enforce that the estimate lies in the [0,1]
interval and all rely solely on data from patients who did not fail before k and who followed rule dθ through k
(i.e., Ȳ (k) = 0 and Ā(k) = dθ (L̄(k))). In particular, the datum Qθ,∗
L(k+2),n (L̄(k + 1)) is needed for each of these
patients. Among them, some may have followed rule dθ through k + 1 and others may only have followed rule
dθ through k . For the first group of patients, we already computed an estimate Qθ,∗
L(k+2),n (L̄(k + 1)) in the latest
“update step” while for the second group of patients, such estimates need to be computed here by extrapolation,
i.e., using the same protocol employed in the latest “update step” as if these patients also followed rule dθ at
time k + 1. The initial estimate of the nuisance parameter QθL(k+1) (L̄(k)) is denoted by QθL(k+1),n (L̄(k)) and
is defined as follows: i) For a patient who did not experience failure before k and who followed rule dθ through
k , QθL(k+1),n (L̄(k)) is the estimate of conditional expectation (4) above. ii) For a patient who did experience
failure before k and who followed rule dθ until failure, QθL(k+1),n (L̄(k)) is set to 1 in accordance with equality
(3).
(b) Update the initial estimate of QθL(k+1) (L̄(k)).
This update is implemented by logistic regression for predicting QθL(k+2) (L̄(k + 1)) based on an intercept
model with an offset variable fitted with weights, and using only data from patients who did not fail before k
(i.e., Ȳ (k) = 0) and who followed rule dθ through k (i.e., Ā(k) = dθ (L̄(k))). The weight and offset associated
with the outcome Qθ,∗
any patient whose data contribute to this logistic regression
L(k+2),n (L̄(k + 1)) from
 θ

QL(k+1),n (L̄(k))
θ
are defined as logit(QL(k+1),n (L̄(k))) = log 1−Qθ
and Qk 1gθ
, respectively. The estimate
(L̄(k))
L(k+1),n

t=0

A(t),n

of the intercept resulting from this weighted logistic regression is denoted by ǫn . The updated estimate of
QθL(k+1) (L̄(k)) is denoted by Qθ,∗
L(k+1),n (L̄(k)) and is defined as follows: i) For a patient who did not experience
θ
failure before k and who followed rule dθ through k , Qθ,∗
L(k+1),n (L̄(k)) is expit[logit(QL(k+1),n (L̄(k))) + ǫn ].

ii) For a patient who did experience failure before k and who followed rule dθ until failure, Qθ,∗
L(k+1),n (L̄(k))
is set to 1 in accordance with equality (3).

5. Derive the estimate of E QθL(1) (L(0)) denoted by QθL(0) .

For patients who followed rule dθ at time 0, we already computed an estimate Qθ,∗
L(1),n (L(0)) in the latest “update
step”. For all other patients, an estimate Qθ,∗
L(1),n (L(0)) is computed here by extrapolation, i.e., using the same
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protocol employed in the latest “update step” as if these patients also followed rule dθ at time 0. Thus, an estimate
θ
Qθ,∗
L(1),n (L(0)) is now available for all n patients in the cohort. The average of these estimates is an estimate of QL(0)
denoted by Qθ,∗
L(0),n :
n

Qθ,∗
L(0),n =

1 X θ,∗
QL(1),n (Li (0)).
n
i=1

θ
This estimate Qθ,∗
L(0),n is the TMLE point estimate of the counterfactual cumulative risk of interest γ and we thus
also denote it by γnθ,∗ .

From the TMLE point estimates γnθ1 ,∗ and γnθ2 ,∗ obtained by applying twice the 5 steps above with, first, θ = θ1 and,
second, θ = θ2 , we derived a point estimate for the parameter of interest ψ θ1 ,θ2 . This estimate is denoted by ψnθ1 ,θ2 ,∗ and we
have: ψnθ1 ,θ2 ,∗ = γnθ1 ,∗ − γnθ2 ,∗ . Note that the algorithm above can also be repeated for a continuous sequence of time points
starting at t0 = 0. The resulting estimates of the counterfactual cumulative risks can then be mapped into an estimate of the
corresponding counterfactual survival curve using the link Sdθ (t) = 1 − P (Ydθ (t + 1) = 1) where Sdθ (t) = P (Tdθ > t)
denotes the probability of survival at time t. The estimate of Sdθ (t) obtained with this approach is denoted by Sd∗θ ,n (t).
To implement the TMLE algorithm above, we need to specify estimation approaches for two vectors of nuisance
θ
parameters denoted by g θ and Qθ . The nuisance parameter g θ corresponds with the estimands in step 1, i.e., gA(t)
for t = 0, . . . , t0 . The nuisance parameter Qθ corresponds with the estimands in all other steps, i.e., QθL(t+1) (L̄(t)) for
t = 0, . . . , t0 . The estimator γnθ,∗ is doubly robust in the sense that it is a consistent estimator of the true cumulative risk
γ θ if either the estimator of the nuisance parameter g θ is a consistent estimator of the true g θ or if the initial estimator of
the nuisance parameter Qθ is a consistent estimator of the true Qθ . In addition, γnθ,∗ is efficient if both estimators of the
nuisance parameters are consistent.
Given that IPW estimation also relies on an estimate of the nuisance parameter g θ , we initially evaluated TMLE using
the same estimation approach for g θ that had been implemented in previous work [47]. The approach is based on mapping
(1) that links the nuisance parameter g θ to the 5 PS µ1 , . . . , µ5 . Data were pooled for all time points t = 0, . . . , 36 to fit
a separate main-term logistic model for estimating each of the 3 PS for right-censoring (µ3 , µ4 , µ5 ) and the PS for TI
continuation (µ2 ). Data were also pooled for all time points t > 0 to fit a single main-term logistic model for estimating
the PS for TI initiation after t = 0 (i.e., µ1 for t > 0). A separate main-term logistic model was fitted for estimating
the PS for TI initiation at t = 0 (i.e., µ1 for t = 0). By ’main-term logistic model’, we mean a logistic model with
only main terms for each explanatory variable considered (i.e., no interaction terms between explanatory variables).
The explanatory variables considered were all time-independent covariates and the last measurement of time-varying
covariates. In addition, exposure to TI in the last period was included as an explanatory variable for the 3 PS for rightcensoring and the latest change in A1c was included as an explanatory variable for estimating all PS. All pooled models
over time also included the variable indexing the 90-day follow-up intervals (i.e., t) as an explanatory variable.
For deriving the initial estimate of the nuisance parameter Qθ , we relied on the machine learning algorithm ’DSA’
[58, 59]. The DSA implements data-adaptive estimator selection based on cross-validation. The candidate estimators
considered were restricted to main-term logistic models of different sizes with the following candidate explanatory
variables: all time-independent covariates, the last measurement of time-varying covariates, and the latest change in A1c.
To alleviate computing time, the DSA algorithm was implemented with a single 5-fold cross-validation split, without
deletion and substitution moves, and with a maximum model size of 10 explanatory variables.
The resulting estimates of the four counterfactual survival curves Sd∗θ ,n (t) for θ = 7, 7.5, 8, 8.5 and t = 0, . . . , 15 (4
years of follow-up) are displayed in Figure 1. The corresponding estimates of the 6 distinct RDs ψnθ1 ,θ2,∗ for t0 = 11, i.e.,
the difference of counterfactual cumulative risks over 3 years, are displayed in Table 1.
Note that while the TMLE algorithm just described may appear complex, it essentially involves the implementation of a
sequence of standard regression steps to fit logistic models and derive predicted values from these models. Implementation
with standard statistical software is thus relatively trivial as reflected by the computing time needed to derive an estimates
ψnθ1 ,θ2 ,∗ in R version 2.13.0 [60]. When we exclude the time needed to derive the estimate of the nuisance parameter g θ
and the initial estimate of the nuisance parameter Qθ , the completion of the remaining steps of the TMLE algorithm was
obtained in about 1 minute. The overall computing time to derive the estimate ψnθ1 ,θ2 ,∗ was however about 40 minutes
due to the computing burden imposed by the DSA algorithm. This computing time can thus be greatly shortened with
the selection of a faster machine learning algorithm instead of the DSA or through the arbitrary specification of logistic
models for the different components of the nuisance parameter Qθ (as done for estimating the nuisance parameter g θ ).
Before evaluating the performance of TMLE by comparison with IPW estimation, we now discuss approaches for deriving
inference with TMLE.
8 www.sim.org
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3.2. Inference with TMLE

The estimator γnθ,∗ defined by the TMLE algorithm above is asymptotically linear with influence curve denoted by
ICθ∗ (O | g θ , Qθ ) and defined by:
ICθ∗ (O | g θ , Qθ ) =
∗
Dθ,t
(O

tX
0 +1
t=0

∗
Dθ,t
(O | g θ , Qθ ) with



I Ā(Ť (t − 1)) = dθ (L̄(Ť (t − 1)))
θ
θ
| g ,Q ) =
QL(t+1) − QL(t) ,
QŤ (t−1) θ
gA(j)
j=0

θ

where QθL(t0 +2) = Y (t0 + 1) and

θ

I Ā(Ť (t−1))=dθ (L̄(Ť (t−1)))
QŤ (t−1) θ
gA(j)
j=0

(5)

is nil at t = 0 [20].

∗
Note that Dθ,t
(O | g θ , Qθ ) = 0 for all t such that either i) T̃ = C and C + 1 ≤ t ≤ t0 + 1 because we then have

I Ā(Ť (t − 1)) = dθ (L̄(Ť (t − 1))) = 0, or ii) T̃ = T and T + 1 < t ≤ t0 + 1 because we then have QθL(t+1) − QθL(t) = 0.
From the delta method, the estimator ψnθ1 ,θ2 ,∗ is thus asymptotically linear with the influence curve ICθ∗1 ,θ2 (O |
θ1
g , Qθ1 , g θ2 , Qθ2 ) = ICθ∗1 (O | g θ1 , Qθ1 ) − ICθ∗2 (O | g θ2 , Qθ2 ), i.e.,
n

ψnθ1 ,θ2 ,∗ − ψ θ1 ,θ2 =

1X ∗
1
ICθ1 ,θ2 (Oi | g θ1 , Qθ1 , g θ2 , Qθ2 ) + o( √ ).
n
n
i=1

Under the assumption that gnθ1 and gnθ2 are consistent estimators, a conservative estimate of the asymptotic standard error
of ψnθ1 ,θ2 ,∗ is given by:
v
u
n
u1 X
 ∗
2
θ1 ,θ2 ,∗
ICθ1 ,θ2 (Oi | gnθ1 , Qθn1 ,∗ , gnθ2 , Qθn2 ,∗ ) ,
(6)
σn
=t 2
n
i=1

θ
θ
where gnθ = (gA(0),n
, . . . , gA(t
) is the vector of estimates obtained in step 1 of the TMLE algorithm and Qθ,∗
n =
0 ),n
θ,∗
(Qθ,∗
L(0),n , . . . , QL(t0 +1),n ) is the vector of updated estimates obtained at each “update step” of the TMLE algorithm. Thus,
computation of the estimated standard error (SE) of the estimator ψnθ1 ,θ2 ,∗ with formula (6) does not add significant
computing time to the TMLE approach because it is based on by-products (gnθ and Qnθ,∗) of the algorithm for deriving the
point estimate.
For each of the six RDs of interest, we can thus compute the lower and upper bounds of the 95% confidence interval
(CI) and the p-value associated with the two-sided test of the null hypothesis (H0 : ψ θ1 ,θ2 = 0) as follows:

upper bound of the 95% CI
lower bound of the 95% CI


z
}|
{
z
}|
{
ψnθ1 ,θ2 ,∗
θ1 ,θ2 ,∗
θ1 ,θ2 ,∗
θ1 ,θ2
θ1 ,θ2 ,∗
θ1 ,θ2 ,∗
P (ψn
− z0.025 σn
≤ψ
≤ ψn
+ z0.025 σn
) = 0.95 and 2Φ − θ1 ,θ2 ,∗
|
{z
}
|
{z
}
σ
|
{zn
}
θ1 ,θ2 ,∗,−
θ1 ,θ2 ,∗,+
denoted by ψ
denoted by ψ
n

n

(7)

p-value denoted by p∗

where z0.025 = Φ−1 (0.975) and Φ is the cumulative distribution function of the standard normal distribution.
The estimates of the SEs, CIs, and p-values derived analytically from expressions (6) and (7) for each of the 6 distinct
RDs ψ θ1 ,θ2 are displayed in Table 1. To assess the performance of estimator (6) in evaluating the variability of ψnθ1 ,θ2 ,∗ , we
also evaluated the variability of ψnθ1 ,θ2 ,∗ based on 10,000 bootstrap samples. For a fair comparison between both estimates
of TMLE variability, the point estimates of ψ θ1 ,θ2 were derived on each bootstrap sample using the same original estimated
nuisance parameters gnθ1 and gnθ2 (i.e., the 5 PS models in step 1 were not refitted on each bootstrap sample) because
estimator (6) is only consistent for estimating the SE of ψnθ1 ,θ2 ,∗ when the nuisance parameter g θ is known. In Table 1,
the ratios (denoted by RSE∗ ) of the estimates of the SE based on the influence curve over that derived from the bootstrap
indicate important over-estimation (by up to 61%) of the TMLE SE with formula (6). Given that the performance of the
SE estimator (6) relies on correct estimation of the nuisance parameters g θ , we hypothesized that the poor performance
of estimator (6) could be the result of misspecification of the logistic models for the PS on which are based the current
estimates of the nuisance parameters g θ .
Thus, in addition to the first approach described in section 3.1, we also implemented the TMLE algorithm for estimating
the 4 survival curves Sdθ (t) and the 6 RDs ψ θ1 ,θ2 with 3 alternate approaches to estimate the nuisance parameter g θ . These
approaches numbered 1 through 4 are progressively more flexible, i.e., nonparametric:
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• Approach 1: This is the approach based on the 6 main-term logistic models described in section 3.1. Note that 5 of
these models are based on data pooled over time.
• Approach 2: For each time point t separately, 5 main-term logistic models were fitted to estimate each of the 5 PS.
• Approach 3: The logistic models from approach 2 were all modified to include interactions terms between
explanatory variables. The interaction terms added to each logistic model were selected using the following
algorithm: 105 two-way interaction terms were computed based on the 15 explanatory variables that were the most
associated (smallest p-value) with the PS dependent variable (denoted by Z ) in a univariate logistic regression. For
each of these 105 terms, a logistic regression of Z on the interaction term and the two main terms that define the
interaction term was implemented. The p-values p associated with the interaction terms in these 105 regressions
were used to identify all interaction terms with p < 0.05. If more than 50 interaction terms met this criterion, only
the 50 terms with the smallest p were selected and added to the main-term logistic model for the PS.
• Approach 4: The parametric models adopted for estimating g θ in approaches 1 through 3 above do not reflect
true subject-matter knowledge about the 5 PS. To avoid erroneous inference [12, 61] due to arbitrary model
specifications, data-adaptive estimation of the nuisance parameter g θ may be implemented in practice [62, 63] but
consistent estimation then relies on judicious selection of a machine learning algorithm also known as ’learner’.
Several learners are potential candidates for estimating the 5 PS (e.g., [64, 65, 66, 67, 68, 69, 70, 58, 71, 72]).
Akin to the selection of a parametric model, the selection of a learner does not typically reflect real subject-matter
knowledge about the relative suitability of the different learners available, since “in practice it is generally impossible
to know a priori which learner will perform best for a given prediction problem and data set” [17]. To hedge against
erroneous inference due to arbitrary selection of a learner, Super Learning [17] may be implemented to combine
predicted values from a library of various candidate learners (that includes the arbitrary learner that would have been
guessed otherwise) through a weighted average. The selection of the optimal combination of the candidate learners
is based on cross-validation [73, 74, 75, 76] to protect against over-fitting such that the resulting learner (called
’super learner’) performs asymptotically as well (in terms of mean error) or better than any of the candidate learners
considered. If the arbitrary learners that would have been guessed is based on a parametric model and happens to be
correct then using SL instead of the correctly guessed learner only comes at a price of limited increase in prediction
variability.
For each time point t separately, 5 super learners were implemented to estimate each of the 5 PS based on 10
candidate learners: i) 5 learners‡ defined by logistic models with only main terms for the most predictive explanatory
variables identified§ by a significant p-value in univariate regressions with 5 significance levels (α= 1e-30, 1e-10,
1e-5, 0.1, and 1), and ii) 5 polychotomous regression learners¶ based on the most predictive explanatory variables
identified by a significant p-value in univariate regressions with the same 5 significance levels.

Note that unlike the computing time for the first 3 approaches which is measured in minutes, approach 4 based on SL
is computing intensive: approximately 7, 1, 4, 7, and 10 hours were needed to derive the 5 sets of super learners for TI
initiation, TI continuation, censoring by administrative end of study, censoring by disenrollment from the health plan, and
censoring by death, respectively. To simplify notation, we denote the estimate of g θ obtained with approaches 1 through 4
θ
θ
θ
above by gnθ , gn,t
, gn,t,×
, and gn,t,SL
, respectively. The TMLE of the 4 survival curves Sdθ (t) and the 6 RDs ψ θ1 ,θ2 based
θ
on these four estimates of g are displayed in Table 1 and Figure 1.
In Table 1, it is clear that the ratios (RSE∗ ) of the estimates of the TMLE SE based on the influence curve over that
derived from the bootstrap get progressively closer to 1 as the approach used to estimate g θ becomes more nonparametric.
θ
The desired ratios of 1 are approximately reached with SL estimation of the action mechanism, i.e., with gn,t,SL
. These
results are consistent with our earlier hypothesis for explaining the initial poor performance of the analytic estimator of the
SE associated with the TMLE estimator ψnθ1 ,θ2 ,∗ that is based on the estimate gnθ : They suggest that 1) the logistic models
used in approach 1 to derive the estimate gnθ were misspecified, and 2) SL successfully permitted to hedge against such
misspecification by correcting for the bias in estimating g θ with approach 1. Unlike the clear sensitivity of the estimates of
TMLE variability to the choice of estimator for g θ (Table 1), Figure 1 suggests however that the TMLE point estimates are
much less sensitive to the approach taken for estimating g θ since the plots of survival curves associated with approaches 1
through 4 are relatively stable.
To evaluate the performance in time-dependent confounding and selection bias adjustment with the TMLE algorithm,
we now compare the inferences obtained with TMLE to that obtained with IPW estimation below.

‡

implemented by the SL.glm routine available in the SuperLearner R package [77]
using the template screening routine screen.glmP available in the SuperLearner R package
¶
implemented by the SL.polyclass routine given in [78, Appendix]. This routine implements the polyclass learner [70] based on the Bayesian Information
Criterion (BIC) as the model selection criterion. To improve computing speed, this learner was favored over the SL.polymars routine that is available by default in
the SuperLearner R package but that relies on cross-validation for model selection.
§
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3.3. Comparison to IPW estimation

In previous work [47], stabilized IPW estimation of the same four survival curves and 6 RDs was implemented based on
a parametric dynamic MSM for the four discrete-time hazards. Estimates of the hazards were subsequently mapped into
estimates of each of the four corresponding counterfactual survival curves from which inferences about RDs were derived.
Because these IPW estimates were derived in a previous analysis based on additional modeling assumptions encoded
by a non-saturated MSM, direct comparison with the TMLE estimates in this report is not optimal. For a fair comparison,
we implemented the same general stabilized IPW estimation approach based on the same four approaches for estimating
the nuisance parameter g θ but using the following saturated MSM which is equivalent to a nonparametric MSM:
logit(P (Ydθ (t + 1) = 1 | Ydθ (t) = 0)) =

X

36
X

θ ′ ∈{7,7.5,8,8.5} j=0

′

′

βjθ I(θ = θ , t = j) for θ ∈ {7, 7.5, 8, 8.5} and t = 0, . . . , 36.

Another difference with the IPW estimation implemented in previous work is that we do not assume that right-censoring
due to administrative end of study is uninformative in this report. For simplicity, this assumption had been made in the
earlier analyses even though administrative end of study could potentially result in selection bias because of the the cohort
being open. When one assumes that some right-censoring events are not informative, IPW estimation can be simplified
by ignoring the corresponding conditional probabilities of censoring in the calculation of stabilized weights because
weight stabilization results in cancellation of such probabilities in the numerator and denominator of the weights. Because
weight stabilization is not possible in TMLE of the cumulative risks γ θ , estimation of the conditional probability of rightcensoring due to administrative end of study is needed for TMLE implementation even if such events can be assumed
to be uninformative. For this reason, we relaxed the assumption of uninformative censoring due to administrative end of
study when implementing TMLE. We thus also relaxed this assumption when implementing IPW estimation to enable a
fair comparison of the two approaches.
θ
The IPW estimator βt,n
of each coefficient βtθ of the saturated MSM can be derived by a single standard weighted
θ
regression as done in previous work. Equivalently, each βt,n
can be derived separately by solving the estimating equation
associated with the following IPW estimating function for the discrete-time hazard under rule dθ at time t:
Qt


j=0 P (A(j) = dθ (L̄(j)) | Ā(j − 1) = dθ (L̄i (j − 1)))
θ
θ
D(O | αt ) = I(Y (t) = 0)I(Ā(t) = dθ (L̄(t)))
Y (t + 1) − αt ,
Qt
θ
j=0 gA(j)
where the counterfactual discrete-time hazard P (Ydθ (t + 1) = 1 | Ydθ (t) = 0) is denoted by αθt . The resulting estimator
denoted by αθt,n is defined as:

αθt,n

Pn

i=1

=

Pn

i=1

θ
βt,n

I(Yi (t) = 0)I(Āi (t) =

Qt

P (Ai (j)=dθ (L̄i (j))|Āi (j−1)=dθ (L̄i (j−1)))
Qt
Yi (t +
θ
j=0 gAi (j)
Qt
P (Ai (j)=dθ (L̄i (j))|Āi (j−1)=dθ (L̄i (j−1)))
Qt
dθ (L̄i (t))) j=0
θ
j=0 gA (j)

I(Yi (t) = 0)I(Āi (t) = dθ (L̄i (t)))

j=0

1)

i

log(αθt,n ).

θ
and we have:
=
Computing time is greatly shorten with this second approach for deriving βt,n
.
Note that unlike TMLE which is doubly robust, IPW estimation relies on consistent estimation of the nuisance parameter
g θ . In this report, however, we aim to evaluate the performance of both approaches under consistent estimation of the
nuisance parameter g θ . Table 1 and Figure 2 display the results of IPW estimation under the four approaches considered
for estimating g θ . In addition, Figure 3 displays the results from a crude analysis that consists in fitting a saturated
logistic model for the discrete-time hazards without weights, i.e., without adjustment for time-dependent confounding
and selection bias.
A comparison of the crude and IPW estimates of the survival curves on Figures 2 and 3 clearly demonstrates successful
adjustment for time-dependent confounding and selection bias with the IPW approach. Whichever the approach adopted
for estimating g θ , the IPW estimates indicate an early separation and consistent ordering of the four survival curves
suggesting an increasing beneficial effect of more aggressive therapy initiation rules (i.e., of rules indexed by decreasing
A1c thresholds). These results are consistent with that of the ACCORD and ADVANCE randomized trials. Successful
performance in bias adjustment with the TMLE approach is illustrated on Figure 1 which indicates the same separation of
the four survival curves. The estimates of the survival curves obtained by IPW estimation are visually almost identical to
that obtained by TMLE.
The stability of the survival curves on Figures 1 and 2 suggests that estimation bias for g θ with the first 3 approaches
is relatively minor with respect to its impact on confounding and selection bias adjustment with both TMLE and IPW
estimation. It is of interest to note that while Table 1 indicates that the analytic estimate of the TMLE variability is largely
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θ
θ
affected (RSE∗ > 1 with gnθ , gn,t
, and gn,t,×
) by such minor bias in estimation of g θ , the analytic estimates of IPW
estimation variability remain largely unaffected by such bias (RSE≈ 1 whichever the approach for estimating g θ ).
Table 1 also indicates that the SE of the IPW estimators (denoted by σnθ1 ,θ2 ) decreases as the approach taken for
estimating g θ becomes more flexible. This gain in estimation efficiency is explained by the decrease in the proportion of
large weights from progressively more flexible approaches as shown in Table 2. In fact, none of the stabilized IPW weights
derived from SL are greater than 30. This is quite remarkable given the common intuition that data-adaptive estimation may
not be desirable for practical implementation of IPW estimation for fear to reveal violations of the positivity assumption.
Intuitively, estimation of the IPW weights based on arbitrarily specified parametric models can then be viewed as an
implicit way to restrict the proportion of large weights through smoothing with a misspecified model. This data analysis
suggests that parametric estimation of the weights may instead lead to artificial violation of the positivity assumption
in practice when the positivity assumption is in truth not violated. These remarks are supported by the examination of
data (not shown) from individual patients who have estimated IPW weights above 50 with gnθ while being below 50 with
θ
gn,t,SL
. Such data review shows that SL leads to better prediction of TI initiation and administrative end of study when
patients actually initiate TI and remain uncensored. This improved prediction translates into smaller denominators for the
IPW weights and thus less variable IPW weights which then results in improving precision in the effect estimates with
IPW estimation.
Whether extreme weighting is the result of true or artificial violation of the positivity assumption from misspecification
of the model for g θ , weight truncation [79, 80, 81] is often implemented in practice to improve the precision of IPW
estimation. In this analysis, all IPW estimates were derived with and without truncation of the stabilized weights: all
stabilized weights above 20 were replaced with value 20. The same rationale for truncating the IPW weights applies to
TMLE. Thus, following the same truncation scheme as the one implemented for IPW estimation, the unstabilized weights
Qk 1 θ
used in the ’update steps’ of the TMLE algorithm were truncated at 20 divided by the corresponding numerator
g
t=0

A(t)

of the stabilized weights, i.e., replaced by min( Qk

1
20
, Qk P (A(t)=d (L̄(t))|
).
θ
gA(t)
Ā(t−1)=dθ (L̄(t−1)))
θ
t=0

t=0

As may be expected from the distributions of the untruncated stabilized weights resulting from the four approaches
to estimate g θ (Table 2), weight truncation at 20 had very little impact on inferences in this study (results not shown).
In particular note that with SL, such weight truncation only concerns two rule-person-time observations for which the
untruncated weight is below 30. Thus, weight truncation at 20 had essentially no impact on the IPW and TMLE results
when the nuisance parameter g θ is estimated with SL.

4. Targeted Learning for efficiency gains
One motivation for the application of TMLE over IPW estimation is the potential for gain in estimation precision that
may arise from the efficiency property of TMLE. Table 1 indicates however little increase in precision with TMLE since
θ
the ratios of the IPW SEs to the TMLE SEs range from 2 to 5% only when g θ is estimated with gn,t,SL
. As shown
by equality (5) defining the influence curve of the TMLE estimator, gain in precision arises from minimization of the
prediction errors from the estimate of the nuisance parameter Qθ . Estimation precision is thus expected to be potentially
improved with TMLE in problems where covariates can predict the outcome well. Lack of efficiency gains from the TMLE
results in Table 1 could thus be the result of either the absence of good predictors of the outcome among the measured
covariates or inadequate use of the measured covariates for estimating Qθ (e.g., due to model misspecification). Consistent
estimation of the nuisance parameter Qθ should thus result in improving estimation efficiency with TMLE. This motivates
the application of Super Learning for flexible estimation of Qθ without relying on arbitrary learner choices such as the
main-term logistic models considered by the DSA algorithm in the previous implementation of TMLE.
In addition, note that each element of the nuisance parameter Qθ , i.e., QθL(k+1) (L̄(k)) for k = t0 , . . . , 0, is potentially a
function of the covariate history L̄(k) in the same way that each PS is potentially a function of past observed covariates.
Because treatment decision are typically made based on the latest clinical measurements, the Markov assumption is often
justified and only the last measurement of time-varying covariates are then considered as potential explanatory variables
to estimate the PS for treatment initiation. So far, we largely relied on such Markov assumptions for estimating not only
each PS but also the nuisance parameter Q. The only exception was for the A1c covariate since we not only considered the
last measurement of A1c to estimate the 5 PS but also the last change in A1c measurements, i.e., the difference between
the last two A1c measurements. While Markov assumptions may be adequate for estimating the PS, it may be argued
that clinical outcomes are not only the results of acute effects but also chronic effects and Markov assumptions may thus
not permit consistent estimation of the nuisance parameter Qθ . In addition, some covariates in the observed data were
assumed to be unrelated to treatment decisions and right-censoring and where thus excluded from the list of explanatory
variables to estimate g θ . These covariates may however impact the outcome and should then be considered for consistent
12 www.sim.org
Prepared using simauth.cls

Copyright c 2012 John Wiley & Sons, Ltd.

Statist. Med. 2012, 00 1–25

To be submitted to Statistics in Medicine

Statistics
in Medicine

R. Neugebauer et al.

estimation of Qθ .
For these reasons, we implemented TMLE of the RDs ψ θ1 ,θ2 based on SL with an expanded list of explanatory variables
for estimating the nuisance parameter Qθ . More specifically, for each k , the list of candidate explanatory variables
considered by SL to estimate QθL(k+1) (L̄(k)) was appended with:
•
•
•
•
•
•
•
•
•

the indicators that A1c, LDL, and ACR were measured in the current period
the indicator that the ACR is measured in the next period (i.e., that the patient is at risk of possible failure)
the average of past A1c and LDL measurements
the average number of past imputed A1c, LDL and ACR measurements
the standard deviations of the past measurements of A1c and LDL
the numbers of past A1C measurements above 7, 7.5, 8, 8.5
the numbers of past LDL measurements above 100,130,160, and 200
the baseline A1c, LDL and ACR measurements
the difference between the baseline ACR measurement and the relevant ACR cut-off that would determine
subsequent failure
• the difference between the last ACR measurement and the relevant ACR cut-off that would determine subsequent
failure
The following 57 candidate learners were considered to estimate QθL(k+1) (L̄(k)) separately with SL for each k and θ:
• 1 learner defined by the intercept logistic model
• 5 learners defined by logistic models with only main terms for the most predictive explanatory variables identified
by a significant p-value in univariate regressions with 5 significance levels (α= 0.3, 0.2, 0.1, 0.05, 1)
• 1 learner defined by a logistic model with only main terms for 27 expert-selected covariates (all explanatory variables
based on A1c, LDL and ACR measurements)
• 5 learners defined by the stepAIC routine in R and based on 5 distinct sets of candidate explanatory variables
identified by i) 4 significance levels (α= 0.3, 0.2, 0.1, 0.05) and ii) the same 27 expert-selected covariates
• 5 neural network learners defined based on the same 4 significance levels and 27 expert-selected covariates
• 5 learners defined by Bayes regression and based on the same 4 significance levels and 27 expert-selected covariates
• 5 learners defined by polychotomous regression (polyclass with BIC) and based on the same 4 significance
levels and 27 expert-selected covariates
• 5 Random Forest learners based on the same 4 significance levels and 27 expert-selected covariates
• 5 learners defined by bagging for classification trees and based on the same 4 significance levels and 27 expertselected covariates
• 20 learners defined by generalized additive models with smoothing splines of degree 2, 3, 4, or 5 and based on, for
each of these degrees, the same 4 significance levels and 27 expert-selected covariates.

In addition to all main-term variables, all these learners also considered two-way interaction terms selected on each training
set using the protocol described in section 3.2 (See approach 3 for estimating g θ ).
Note that for all k < t0 , the outcome to be predicted when estimating QθL(k+1) (L̄(k)) is continuous between 0 and 1.
Because the current R implementation of polyclass does not permit the prediction of continuous outcomes between 0
and 1, we modified the 5 learners based on polychotomous regression when k < t0 by dichotomizing the outcomes in the
5-fold training sets based on the 0.5 cut-off, i.e., all outcomes above 0.5 were replaced by 1 and otherwise by 0. To greatly
shorten the SL computing time, the same dichotomization was implemented as part of the Random Forest and bagging
learners considered for k < t0 . In addition for k = t0 , SL was only used to predict the outcome of patients who are at risk
of failure, i.e., for whom ACR was actually monitored. For all other patients, the estimate of QθL(t0 +1) (L̄(t0 )) was set to 0
by default.
Table 3 displays the results of TMLE based on the SL approach described above for estimating the nuisance parameter
θ
Qθ (g θ is estimated with gn,t,SL
). These results illustrate the potential for gains in efficiency with TMLE compared to
IPW estimation since the IPW SEs are now 7 to 11% higher than that of the TMLE estimator.

5. Discussion
Tables 4 and 5 summarize and compare various aspects of the IPW estimation and TMLE algorithms considered in this
report. In particular, this work suggests that bias in the estimation of the action mechanism g θ may differentially impact
point and interval estimation with TMLE and IPW estimation. In this one study, while point estimation with both methods
and interval estimation with IPW estimation were relatively robust to minor bias in estimation of the action mechanism
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g θ , interval TMLE based on the estimator’s influence curve was sensitive to such bias. This observation suggests the use
of bootstrapping to evaluate the bias of estimators of the action mechanism and guide the selection of the estimator based
on which TMLE inference should be derived in practice, e.g., the data-adaptiveness of the estimation approach for g θ may
be sequentially increased until there is a match between the two estimates of TMLE variance obtained analytically based
on the estimator’s influence curve and based on bootstrapping.
Super Learning was shown here to be a viable practical data-adaptive estimation approach for the action mechanism
despite the common intuition that data-adaptive estimation may not be desirable in practice for fear to reveal violations of
the positivity assumption. Instead, estimation based on parametric models - even if misspecificed - may then be preferred
in practice because it is viewed as an implicit way to restrict the proportion of large IPW weights through smoothing. The
results in this report suggest however that the estimation approaches for the action mechanism that are commonly used in
practice based on arbitrary parametric models may lead to artificial violation of the positivity assumption (extreme IPW
weights) when this assumption is in truth not violated.
The implementation of TMLE in this work also underscored the need for estimation of all components of the action
mechanism even if one or more components are assumed to be uninformative, e.g., conditional probabilities of censoring
by administrative end of study. Unlike weight stabilization in IPW estimation which allows the analyst to ignore estimation
of ’uninformative components’ of the action mechanism because weight stabilization results in cancellation of the
corresponding conditional probabilities in the denominator and numerator of the weights, weight stabilization is not
possible with the proposed TMLE algorithm and estimates of all components of the action mechanism are thus always
needed in practice.
While IPW estimation is grounded in a formal theoretical framework that is opaque to many applied researchers, its
implementation is simple enough that some intuitive explanations are available to provide insights into its ability to adjust
for confounding and selection bias in practice (e.g., weighting of the observed data results in ghost/pseudo data where
confounders are no longer associated with exposures as if patients had actually been randomized to the exposure of
interest) [82]. While the Targeted Learning algorithm evaluated in this report is also grounded in theory, there is however
no intuitive explanations for justifying its ability to adjust for confounding and selection bias. This report demonstrates that
a seemingly convoluted algorithm with no intuitive support is not only computationally feasible in real-world CER based
on large healthcare databases but also, most importantly, on a par with IPW estimation in performance with confounding
and selection bias adjustment in CER that involve time-varying confounders on causal pathways between the time-varying
exposures and outcome. In addition, this application illustrates the algorithm’s potential for improving inferences through
gains in estimation efficiency compared to IPW estimation.
In practice, however, such gains in efficiency may only reflect over-fitting in the estimation of the nuisance parameter Qθ
(see formula (5)). Estimation methods based on cross-validation for the selection of estimators of the nuisance parameters
(such as the DSA algorithm or SL) can then provide protection against such incorrect inferences with TMLE. Unlike
estimation of the action mechanism g θ for which assumptions like the Markov assumption may often be realistically
invoked to simplify estimation by only considering the most recent treatment and covariate histories as explanatory
variables (e.g., for predicting treatment initiation), results in this report suggest that estimation of Qθ should generally
rely on a richer set of both treatment and covariate histories to realize efficiency gains with TMLE because simplifying
assumptions that may apply to components of the the action mechanism are not expected to extend to the nuisance
parameter Qθ in general. If these simplifying assumptions are nevertheless made, suboptimal efficiency gains are expected
with TMLE due to inconsistent estimation of Qθ .
The interpretation of the results from this report are limited by the absence of a true gold standard to compare TMLE and
IPW estimation. In addition, while the IPW estimation approach insures that the estimated survival curves are monotone
decreasing, the TMLE estimator does not. Isotonization of the estimated survival curves derived by TMLE can be used in
practice to enforce monotonic decrease of the estimates of survival probabilities over time. Inference can then be derived
based on recent results that have shown that the influence curve of the isotonized estimator of a counterfactual survival
curve is identical to the influence curve of the original estimator [83]. Isotonization was not needed here because all
estimated survival curves were monotone decreasing. Furthermore, the nonparametric MSM approach adopted in this
report may not always be realistic in practice as very little data may be available to contrast the interventions of interest
with precision (curse of dimensionality). In such cases, one may revert back to the convenient but elusive approach which
consists in arbitrarily choosing a non-saturated MSM which is is expected to be misspecified and thus likely inadequate
to provide a consistent estimate of the parameter of interest. Instead, a nonparametric MSM approach based on a working,
non-saturated model [84] can be adopted to explicitly recognize the limitation of an arbitrarily specified non-saturated
MSM in capturing the true parameter of interest ψ θ1 ,θ2 . The approach consists in replacing the parameter ψ θ1 ,θ2 with
a new parameter of interest defined by minimizing the distance between the true survival curves of interest and their
estimates from a working model (referred to as a working MSM). Informally, such a nonparametric MSM approach aims
to emulate inference from an ideal randomized trial (perfect compliance and no loss to follow-up) that is based on a
working (likely misspecified) model for the survival curves in each treatment arm. While IPW estimation is adapted to
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estimate the parameters defined by such an MSM approach, the TMLE algorithm studied in this report is not but an
alternate algorithm was recently developed for such parameters [85].
Although this work focused on the application of TMLE in CER with observational data, TMLE like IPW estimation
is also relevant in randomized experiments with non-adherence and loss to follow-up to properly account for timedependent confounding and selection bias in ’as treated’ or ’per protocol’ analyses [86] or to increase estimation efficiency
without jeopardizing consistency in intention-to-treat analyses that incorporate covariate information collected prior to
randomization [87]. The theoretical properties of the Targeted Learning approach have thus the potential to greatly impact
CER through improved confounding and selection bias adjustment (double robustness and data-adaptive estimation)
but also more precise effect estimates (efficiency property). Concretely, Targeted Learning could lead to more reliable
effect estimates, earlier detection of effectiveness or safety signals, or the ability to detect differential subgroup effects
with smaller sample sizes. While these potential advantages are theoretically derived from the large-sample (asymptotic)
properties of TMLE, concerns over possible undesirable finite-sample properties that cannot be predicted from theory may
be raised. The results in this report do not substantiate such concerns and 1) demonstrate the feasibility of TMLE in real
world CER, 2) illustrate the ability of TMLE to properly account for time-dependent confounding and selection bias, and 3)
elicit practical evidence of the potential for efficiency gains with TMLE over IPW estimation. While these results motivate
further applied investigation of TMLE, they are not meant as a compelling argument for the routine application of TMLE
instead of IPW estimation. In this one study, only a relatively modest gain in estimation precision was demonstrated at the
cost of an increased computing burden with SL. Additional research is needed to continue evaluation of the translation
of TMLE’s theoretical properties into practice (finite-sample properties) and, in particular, i) to evaluate the algorithm’s
double robustness property and, ii) to develop a computationally feasible algorithm to estimate TMLE variability when one
does not want to rely solely on consistent estimation of the action mechanism (i.e., consistent estimation of the nuisance
parameter g θ ).
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Figure 1. Each plot represents TMLE estimates over 16 quarters of the four counterfactual survival curves corresponding with the four TI initiation strategies dθ with
θ
θ
θ
θ
θ = 7, 7.5, 8, 8.5. The plots located at the top left, top right, bottom left, and bottom right are obtained based on the estimates gn
, gn,t
, gn,t,×
, and gn,t,SL
of the nuisance
parameter gθ , respectively.
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Table 1. Comparison of inferences from untruncated TMLE and IPW estimation of the 6 RDs at 3 years (12 quarters) based on the four approaches to estimate the
nuisance parameter g θ . Estimates based on TMLE versus IPW estimation are differentiated by the superscript ∗ notation.
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Figure 2. Each plot represents IPW estimates over 16 quarters of the four counterfactual survival curves corresponding with the four TI initiation strategies dθ with
θ
θ
θ
θ
θ = 7, 7.5, 8, 8.5. The plots located at the top left, top right, bottom left, and bottom right are obtained based on the estimates gn
, gn,t
, gn,t,×
, and gn,t,SL
of the nuisance
parameter gθ , respectively.
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Figure 3. Crude estimates over 16 quarters of the four survival curves associated with the four TI initiation strategies dθ with θ = 7, 7.5, 8, 8.5.

Table 2. Counts of the number of estimated stabilized IPW weights within specific intervals. For each the four approaches
for estimating the weights, these counts describe the distribution of the weight estimates associated with all rule-persontime observations (930956) consistent with a patient following any of the 4 TI decision rules dθ with θ = 7, 7.5, 8, 8.5.
Note that if a patient follows more than one rule at a given time point, her corresponding person-time observation is
replicated as many times as the number of rules followed and each replicate is assigned a separate stabilized IPW weight.
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θ1

θ2

ψnθ1 ,θ2 ,∗

ψnθ1 ,θ2 ,∗,−

8.5
8.5
8.5
8
8
7.5

8
7.5
7
7.5
7
7

7e-03
0.0221
0.0386
0.0151
0.0316
0.0165

-4e-04
9.3e-03
0.0166
3.5e-03
9.7e-03
-3.8e-03

TMLE
ψnθ1 ,θ2 ,∗,+
0.0143
0.0349
0.0606
0.0267
0.0535
0.0368

IPW estimation
ψnθ1 ,θ2 ,+
p

p∗

σnθ1 ,θ2 ,∗

ψnθ1 ,θ2

ψnθ1 ,θ2 ,−

0.064
1e-03
1e-03
0.011
5e-03
0.11

3.8e-03
6.5e-03
0.0112
5.9e-03
0.0112
0.0103

8e-03
0.0216
0.041
0.0136
0.033
0.0194

1e-04
7.7e-03
0.0166
1e-03
8.6e-03
-3e-03

0.0159
0.0356
0.0655
0.0263
0.0574
0.0418

0.046
2e-03
1e-03
0.035
8e-03
9e-02

Relative efficiency
θ ,θ

σn1 2
θ ,θ ,∗
σn1 2

σnθ1 ,θ2

4e-03
7.1e-03
0.0125
6.5e-03
0.0124
0.0114

1.07
1.09
1.11
1.09
1.11
1.11
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Table 3. Comparison of inferences from untruncated TMLE and IPW estimation of the 6 RDs at 3 years (12 quarters) based on SL for estimating the nuisance
parameters g θ and Qθ . Estimates based on TMLE versus IPW estimation are differentiated by the superscript ∗ notation.
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Table 4. Comparison of the properties of IPW estimation and TMLE.The + and - signs indicate relative (potential)
advantages/limitations.

Applicable to effects represented
by a nonparametric/saturated MSM
Applicable to effects represented
by a non-saturated MSM
Assumptions required for effect identifiability
No unmeasured confounders
Positivity
Proper adjustment for time-dependent
confounding and selection bias
Proper analytic variance estimation

Precision
Feasibility with large,
high-dimensional data
Programming burden
Point estimation
Analytic variance estimation
Computing time

Statist. Med. 2012, 00 1–25
Prepared using simauth.cls

TMLE

IPW

X

X

an alternate algorithm
was recently proposed [85]

X
e.g., [47]

X
X
+
doubly robust
sensitive to bias
in g θ estimation
+
+

X
X
not doubly robust
+
robust to bias
in g θ estimation
+

+
-

+
+
+
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gnθ
IPW TMLE
Qθn,DSA

Copyright c 2012 John Wiley & Sons, Ltd.

’Sufficient’† adjustment for time-dependent
confounding and selection bias
Proper3 analytic estimation of variance (or ranking
by increasing discrepancy with bootstrap estimation)
Precision (ranking by increasing variance
estimated by bootstrapping or analytically if valid)
Robustness to arbitrary parametric assumptions
(ranking by decreasing robustness)
Computing burden
(ranking by increasing burden)

θ
gn,t
IPW TMLE
Qθn,DSA

θ
gn,t,×
IPW TMLE
Qθn,DSA

IPW

θ
gn,t,SL
TMLE
Qθn,DSA

TMLE
Qθn,SL

X

X

X

X

X

X

X

X

X

X

9

X

8

X

7

X

X

9

8‡

6.5

4.5‡

6.5

4.5‡

3

2

X
(not checked∗ )
1

9

8

7

6

5

4

3

2

1

1

2

3

4

5

6

7

8

9
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Table 5. Comparison of the properties of the various estimators of ψ θ1 ,θ2 implemented in this report. The two estimators of the nuisance parameter Qθ based on the
DSA algorithm and SL are denoted by Qθn,DSA and Qθn,SL , respectively.

†

by ’sufficient’, we mean that the inference is concordant with the results from previous randomized trials, i.e., the 6 cumulative RD estimates indicate a clear differentiation and consistent ordering of the
effectiveness of the four dynamic treatment interventions to support an increasing beneficial effect of more aggressive therapy initiation rules.
3 determined by concordance with bootstrap estimation.
∗ theoretically inferred based on the concordance between the analytic and bootstrap estimates of the variance of TMLE based on g θ
θ
θ
θ
n,t,SL and Qn,DSA which suggests consistent estimation of g with gn,t,SL .
‡ estimated by bootstrapping (data not shown).
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