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There are important challenges to the estimation and identification of average causal effects in longitudinal
data with time-varying exposures. Here, we discuss the difficulty in meeting the positivity condition. Our motivating
example is the per-protocol analysis of the Effects of Aspirin in Gestation and Reproduction (EAGeR) Trial. We
estimated the average causal effect comparing the incidence of pregnancy by 26 weeks that would have occurred
if all women had been assigned to aspirin and complied versus the incidence if all women had been assigned
to placebo and complied. Using flexible targeted minimum loss-based estimation, we estimated a risk difference
of 1.27% (95% CIl: —9.83, 12.38). Using a less flexible inverse probability weighting approach, the risk difference
was 5.77% (95% Cl: —1.13, 13.05). However, the cumulative probability of compliance conditional on covariates
approached 0 as follow-up accrued, indicating a practical violation of the positivity assumption, which limited our
ability to make causal interpretations. The effects of nonpositivity were more apparent when using a more flexible
estimator, as indicated by the greater imprecision. When faced with nonpositivity, one can use a flexible approach
and be transparent about the uncertainty, use a parametric approach and smooth over gaps in the data, or target

a different estimand that will be less vulnerable to positivity violations.

average causal effect; causal inference; longitudinal data; parametric model; positivity

Abbreviations: ACE, average causal effect; Cl, confidence interval; EAGeR, Effects of Aspirin in Gestation and Reproduction; IPW,
inverse probability weighting; IQR, interquartile range; LTMLE, longitudinal targeted minimum loss-based estimation.

Analyses seeking to estimate the causal effect of a time-
varying exposure on an outcome in the presence of time-
varying confounding are becomingly increasingly common
in epidemiology. In such settings, epidemiologists often seek
to estimate average causal effects (ACEs)—for example, the
effect contrasting counterfactual outcomes that would have
arisen had the entire population always been exposed versus
never exposed. However, the complex nature of longitudinal
data with time-varying variables can potentially threaten the
validity of ACE estimation in several ways.

First, these data typically include time-varying con-
founders of the exposure-outcome relationship that can
be simultaneously mediators or colliders. Controlling for
these confounders using traditional regression can result in
blocking of a mediating pathway or collider stratification
bias (1). In this context, standard regression approaches

rarely target quantities that are appropriate for evaluating
causal effects. Instead, we must rely on specialized tech-
niques such as inverse probability weighting (IPW), g-
computation, or targeted minimum loss-based estimation
(2-9).

Second, meeting the identification conditions sufficient to
interpret the estimated associations as causal effects can be
more challenging than in time-fixed analyses. For example,
the positivity condition for the average treatment effect
requires sufficient numbers of individuals who are contin-
uously exposed and unexposed in all confounding strata
across all time points (10, 11). Even if this condition holds
at the population level (i.e., there are no structural positivity
violations), the likelihood of having enough data for pos-
itivity to hold in moderate-sized samples decreases as the
number of time points in the analysis increases.
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Third, an analysis incorporating time-varying variables
may be particularly vulnerable to bias due to violations of the
correct model specification assumption because a researcher
will need to correctly specify a potentially large number of
models capturing the relationships between variables at the
current time point as well as past time points.

Here, we delve into the feasibility of estimating ACEs in
longitudinal settings with time-varying exposures and draw
attention to the repercussions of violations of certain causal
and statistical assumptions. Our motivating example is the
per-protocol analysis of the Effects of Aspirin in Gestation
and Reproduction (EAGeR) Trial (12, 13).

MOTIVATING EXAMPLE

EAGeR was a double-blind, placebo-controlled trial de-
signed to evaluate the effect of taking preconception low-
dose aspirin on pregnancy outcomes among 1,228 women
at high risk for pregnancy loss (13). Women were followed
for up to 6 menstrual cycles and, if they became pregnant,
through 36 weeks of gestation. The primary outcome of
interest was live birth, with secondary outcomes includ-
ing occurrence of human chorionic gonadotropin—confirmed
pregnancy, pregnancy loss, pregnancy complications, and
preterm birth. In the intention-to-treat analysis, the inves-
tigators reported similar rates of live birth and pregnancy
loss across the trial arms but a small increase in pregnancy
incidence among those assigned to aspirin relative to placebo
(12).

One drawback to the trial’s intention-to-treat results was
significant noncompliance with assigned treatment across
follow-up (illustrated in Figure 1). The proportion of women
who complied dropped from 96.3% in week 1 to 45.2% in
week 26. To better describe the biological efficacy of aspirin
in the presence of noncompliance, we can consider a per-
protocol analysis of the EAGeR Trial, wherein we target
the ACE on each pregnancy outcome of being assigned
to aspirin and complying across follow-up versus being
assigned to placebo and complying (14):

where Y(¢) indicates the outcome at time ¢, r = 1 indi-
cates assignment to aspirin, r = 0 indicates assignment to
placebo, and ¢ = 1 indicates compliance from baseline to
time ¢.

Here we focused on the effect of compliance with as-
signed treatment on incidence of pregnancy through 26
weeks of follow-up (roughly 6 menstrual cycles). Compli-
ance was defined as taking the assigned pill at least 5 out of
7 days per week, as determined by bottle-weight compliance
measurements (13, 14). We considered as baseline con-
founders age, body mass index (weight (kg)/height (m)z),
and smoking; time-varying confounders included weekly
reported bleeding or nausea. Women were considered right-
censored upon dropout or reaching 26 weeks of follow-up
without becoming pregnant. The data structure for our anal-
ysis is represented by the nonparametric structural equations
given in Table 1.
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Figure 1. Proportion of women who complied with assigned treat-
ment in a given week of follow-up, overall and by treatment arm, in
the Effects of Aspirin in Gestation and Reproduction (EAGeR) Trial,
2007-2011.

ESTIMATION

There are a number of estimators we can use to es-
timate the per-protocol effect (14—18). For instance, the
published per-protocol analysis of the EAGeR Trial used
g-computation with parametric models (14). However, we
chose an estimator that allowed us to make as few paramet-
ric assumptions as possible, namely longitudinal targeted
minimum loss-based estimation (LTMLE) (8, 19-21). This
estimator accounts for the complexities of our longitudinal
data with survival outcomes, right-censoring, time-varying
exposures, and time-varying covariates (22). Importantly,
LTMLE is double-robust and can be used in conjunction
with machine learning methods (23). Incorporating machine
learning methods allows us to make fewer assumptions
about the functional forms of the relationships between
confounders, exposures, and outcomes than traditional para-
metric models. Single-robust estimators like IPW and g-
computation typically require special implementations if
one wants to use flexible learning algorithms (24, 25). For
this reason, IPW and g-computation are commonly cou-
pled with parametric models, which may render their esti-
mates more susceptible to statistical model misspecification
bias (23).

The implementation of LTMLE that is available in the R
package “Itmle” is highly flexible for 2 additional reasons.
First, it does not smooth the data over time; exposure, cen-
soring, and outcome models are fitted separately at each time
point. Second, this implementation does not smooth over
treatment; individuals are only retained in the estimation
process for as long as they follow the specified treatment
trajectory (8). When the intervention is “always compliant
with aspirin use,” the exposure and outcome models in a
given week of follow-up only use the information from indi-
viduals who had been assigned to aspirin use and complied
in all previous weeks of follow-up. While this approach
limits the number of assumptions about the observed data, it
reduces the sample size available to the model and can lead
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Table 1. Nonparametric Structural Equations Used for a Per-Protocol Analysis of the Effects of Low-Dose Aspirin
on Pregnancy Incidence, Effects of Aspirin in Gestation and Reproduction (EAGeR) Trial, 2007-2011

Variable Notation Structural Equation
Age Vi Vi ~fUy,)
Body mass index?® Vo Vo ~f(Uy,)
Smoking V3 V3 ~ f(Uy,)
Randomization R R~ f(UR)
Bleeding Zyt Zyy ~ f(Ce-1,Z1¢-1), V, Uz,)
Nausea Zot Zot ~ (Ci—1, Z2(-1), ¥, Uz,)
Compliance Ct Ct ~ f(Ct-1,Zt,R, V, Ug)
Outcome Y Ye ~ f(Ct, Zt, V, Uy)
No dropout Dy D¢ ~ 1(Ct, 2+, V,Up)
a Weight (kg)/height (m)2.

to sparse data cells. An alternative would be to include all
person-time, even among those who were not continuously
compliant (i.e., an individual could be compliant in one
week and noncompliant in the next), in the model. This
approach uses more of the data but requires strong modeling
assumptions to inform the scenario in which everyone was
continuously compliant.

In our implementation of LTMLE, the exposure models
regressed compliance at time ¢ against the baseline con-
founders, current (at time ¢) and historical (all times j < f)
values for time-varying confounders, and historical values
for exposure. The censoring and outcome models included
current exposure, in addition to the above covariates. We
fitted these models using SuperLearner, with a library
consisting of generalized linear models, generalized additive
models, multivariate adaptive regression splines, neural
networks, and Bayesian generalized linear models (all
using default hyperparameters) (26). We also implemented
LMTLE using only main-terms logistic regression. We
compared the cumulative incidence of pregnancy under 2
exposure interventions: 1) Set baseline treatment to aspirin
and set compliance to 1 (i.e., compliant) across follow-up
and 2) set baseline treatment to placebo and set compliance
to 1 across follow-up. We obtained 95% confidence intervals
(CIs) using the variance from the estimated influence
curve (8).

We estimated that there would have been 1.27 (95% CI:
—9.83, 12.38) more pregnancies per 100 women by 26
weeks postrandomization if all women had complied with
aspirin use versus complied with placebo (and not been
censored). This risk difference is closer to the null than the
original EAGeR per-protocol analysis using g-computation,
which found that there would be 8 more pregnancies per 100
women (95% CI: 4.64, 10.96) under full compliance with
aspirin relative to placebo (12, 14). Perhaps the more notice-
able finding, though, was the uncertainty implied by our
results. In our analysis, the 95% CI width was 22.21, as com-
pared with 6.32 in the original per-protocol analysis (14).
Moreover, the imprecision remained in our supplementary
analysis using logistic regression instead of SuperLearner,

where we estimated a risk difference of 7.51 (95% CI:
—8.49, 23.52), indicating that it was not our use of machine
learning algorithms that led to the wide Cls.

Our question was then: Why were our results considerably
more imprecise than the original published analysis? As we
discuss in depth below, the answer lies in a lack of positivity
present in our data, which was laid bare by the flexibility of
our estimation approach.

THE ROLE OF POSITIVITY

Let us more formally define the positivity condition for
the per-protocol analysis of the EAGeR Trial. To identify
the additive ACE at 26 weeks of follow-up, there must be
a nonzero probability that a woman assigned to aspirin or
placebo complied in all 26 weeks of follow-up, conditional
on baseline (V) and history of time-varying confounders (Z;)
(27, p. 241):

P(R =rC = Ct|6t—1 = Et—l,zt’v,ﬁt—l = T)

>0,Y(r,cnz),

where R = r indicates randomization to treatment r, C;
indicates compliance with the protocol at time ¢, C; indicates
history of compliance through 7 — 1, and D;_ indicates that
a woman has not dropped out through r — 1 (27, p. 159).

Positivity violations can occur for 2 main reasons:
1) Structural violations occur when there exist subgroups in
the population who will never be exposed (or unexposed);
and 2) practical violations occur when there are few or no
individuals exposed within a particular stratum of con-
founders by chance due to a finite sample size (10).
Determining the source of the positivity violation generally
requires substantive knowledge and is important for
informing decisions on the best solution to overcome the
violation. In our example, we were largely concerned with
practical, not structural, positivity violations.
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If the positivity condition is violated, we cannot inter-
pret the risk difference estimated in the observed data as a
causal effect. Moreover, the estimand can become difficult
to define because we condition on empty sets, divide by
0-value probabilities, or extrapolate beyond the observed
data. A lack of positivity can also lead to wide CIs, just
as we observed in our LTMLE per-protocol analysis (10).
Fortunately, unlike the exchangeability and consistency con-
ditions, we can empirically evaluate whether there is non-
positivity present in our data by estimating the conditional
probability in the above definitions (27, p. 30).

We estimated the probability of compliance given co-
variates for each woman in EAGeR (i.e., the cumulative
propensity scores) using logistic regression models stratified
by week of follow-up, regressing compliance in week ¢
against assigned treatment, baseline covariates, compliance
in weeks t — 1 and ¢ — 2, and time-varying confounders in
weeks ¢, t — 1, and t — 2. Similar to our LTMLE analysis,
we specified a compliance model that did not smooth across
time (because we stratified by week of follow-up). However,
this model did smooth across treatment assignment. For
the models to converge, we had to use the data from all
individuals who were still in the study in a given week
of follow-up, regardless of their exposure trajectory to that
point. We then estimated the cumulative propensity score at
each ¢ by taking the cumulative product of the propensity
scores through 7. For this diagnostic, we did not consider the
probabilities of dropout.

As is visualized in Figure 2, the distribution of cumulative
propensity scores steadily shrank toward O as weeks of
follow-up accrued. For example, in week 1, the average
cumulative propensity score was 0.963 (interquartile range
(IQR), 0.959-0.987). The average cumulative propensity
score then dropped to 0.214 (IQR, 0.045-0.361) by week
10, to 0.025 (IQR, <0.001-0.032) by week 20, and finally
to 0.004 (IQR, <0.001-0.002) by week 26. We were likely
to have had a practical violation of the positivity condition
in our analysis. Accounting for the probability of dropout,
as is necessary for this analysis, would only exacerbate the
problem.

These findings tell us that the wide 95% ClIs observed in
our LTMLE analysis were probably a result of the length of
follow-up and our choice of the ACE as the target estimand.
The more weeks of follow-up we considered, the fewer
the observed women who remained continuously compliant
with assigned treatment, within strata of the covariates. It
is easy to see how this problem—a practical violation of
the positivity condition—is not unique to our data set but
rather is a general challenge to estimation of an ACE in
longitudinal studies with long follow-up periods and time-
varying exposures (21).

THE ROLE OF SMOOTHING

There is one more important factor playing a role in
the results observed in our LTMLE per-protocol analysis.
Specifically, our results were especially vulnerable to prac-
tical positivity violations because our implementation strat-
ified by both time and treatment. This stratification reduced
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Figure 2. Distribution of the cumulative propensity score (proba-
bility of remaining compliant, conditional on covariates), by week of
follow-up, in the Effects of Aspirin in Gestation and Reproduction
(EAGeR) Trial, 2007-2011. The horizontal line inside the box repre-
sents the median cumulative propensity score, the top and bottom
of the box represent the 25th and 75th percentiles, and the whiskers
extend to the largest (or smallest) value no further than 1.5 times the
interquartile range from the top and bottom of the box. The dots show
any data points that fell beyond the whiskers.

the amount of data available for model-fitting, thereby lead-
ing to higher variability in estimates of model parameters.
This in turn led to more extreme estimated propensity scores.
If we had not stratified by time point or treatment, the
model parameters would have been shared across time points
and treatment arms (a process we refer to as “smoothing”),
leading to greater stability in their estimation. This stability,
though, comes at the cost of a modeling assumption. If the
true underlying propensities varied significantly over time or
across treatment arms, the smoothing strategy would have
caused bias due to model misspecification. Furthermore,
because of the increased stability, the results would not just
be incorrect; they would be precisely incorrect (28).

To illustrate the difference between approaches that do
and do not smooth, we reestimated the per-protocol effect
using 2 different IPW implementations. The first limited
the amount of smoothing (mirroring the LTMLE analysis
above), while the second introduced smoothing into each
step of the analysis (29). We obtained 95% Cls using the
2.5th and 97.5th percentiles of point estimates from 1,000
bootstrap resamples.

Our first IPW estimator, with limited smoothing, used
weights at time ¢ defined as

W, = 1R=n t % 1(Cj=1,D;=1)
" PR=D L Lot 7 B(Gi=11R=r.C;m1=12=5,. VD, =1 )
x P(Dj=1|R=r,C;=1Z;=7,,V.D;_=1)

We estimated the probability of compliance using the logis-
tic regression models described above. The probability of not
dropping out by week ¢ was estimated using pooled logistic
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regression, conditional on assigned treatment, compliance
with the protocol, and baseline and time-varying covariates.
The model included indicator terms for week of follow-up
and first-order interaction terms between week of follow-up
and all other variables in the model. We then stabilized these
weights by dividing the above weight by the mean value of
the weights:

Wyt
1N 0
2 2 Wirt

where i indexes individuals and # is the sample size. While
the stabilization method differs, these weights are similar to
the inverse-probability-of-censoring weights often used in
per-protocol analyses, which censor individuals when they
are no longer adherent to the protocol (18).

Finally, we estimated the risk function for each of the 2
treatment assignments using the complements of the respec-
tive weighted Kaplan-Meier survival curves, and we took
the risk difference at t = 26 weeks. This risk estimator in-
herently includes no smoothing across time, and, because the
weights defined above become O when an individual stops
complying, the outcome model also does not smooth across
patterns of compliance.

Using this approach, we estimated that there would have
been 3.02 (95% CI: —9.82, 17.83) more pregnancies per 100
women if all women had complied with aspirin use versus
all complied with placebo. Comparing this against the results
obtained using LTMLE, we see that the risk difference was
larger and that the 95% CI was in fact even wider (with a
width of 27.63).

Our second IPW estimator, with more smoothing, rede-
fined the stabilized weights (3) as

SWyt =

where
T = i)(Cj =1R= V,aj_l = Ej—l’Bj—l = T)
and
g = i’(Cj=1|R=r,5j_1 = 5j_1,zj' = ij,V,Bj_l =T) .

We estimated 1,; and g using pooled logistic regression,
with the models stratified by treatment arm. Unlike the
previous analysis, we did not stratify the compliance models
by week of follow-up and instead directly modeled the
relationship between time and compliance by including time
in our model, thereby introducing smoothing across time.
We estimated the probability of not dropping out using
main-terms pooled logistic regression. Another important
difference to notice is that these weights do not become
0 when an individual stops complying with the protocol;

the information from such individuals can then be used
when modeling the risk of the outcome, implying more
smoothing across patterns of compliance than we allowed
in our previous IPW analysis.

In addition to the smoothing in the compliance model,
we specified a working marginal structural model for the
outcome that made further parametric assumptions (27; 30,
p- 264). Here, we parametrically modeled the hazard of the
outcome and its dose-response relationship with cumulative
exposure using weighted pooled logistic regression:

logit(P(Yt = 1|R,Et)) = Bo + Blzt + Bzﬁz +f(),

where A, was the cumulative average of an indicator term
specifying “took aspirin versus did not take aspirin” (which
could mean taking placebo or taking nothing), N; was the
cumulative average of an indicator term specifying “did not
comply versus complied,” and f(#) was a function for time
(specifically, indicator terms). We defined the cumulative
averages as
T i IR=1)xI(C=1)

t= N

t

= .
t

N Z}:ll (G =0)

To estimate the per-protocol effect, we used the coefficients
from the weighted model to predict the hazard of the out-
come at t = 1,...,26 when A; was always 1 and N, was
always O (the “took aspirin at all time points” scenario)
and the hazard when A; was always 0 and N; was always
0 (the “took placebo at all time points” scenario). We then
estimated the risk functions by plugging these hazards into
the Kaplan-Meier survival estimator. Note that this second
IPW approach, while still being used to estimate the ACE,
targets a different statistical estimand than the previous
IPW estimator. The statistical estimands are now the model
parameters of a marginal structural model with terms for
cumulative exposure. While subtle, this in fact adds an
additional layer of smoothing.

Using this approach, we estimated that there would have
been 5.77 (95% CI: —1.13, 13.05) more pregnancies per
100 women had all women complied with aspirin versus had
they complied with placebo through 26 weeks of follow-up.
As illustrated in Figure 3, this risk difference was similar to
those estimated using the earlier approaches, but the 95%
CI width was 14.18—almost half the width seen for the
previous IPW estimator.

All analyses described above were carried out using R,
version 4.0.4 (R Foundation for Statistical Computing,
Vienna, Austria).

CONCLUSIONS

In analyses of longitudinal data, the data structure,
targeted estimand, and amount of parametric smoothing can
critically affect our ability to meet the positivity condition.
Positivity in the time-varying setting is defined relative to
the probability of following a specified treatment regimen
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Estimator RD (95% CI)
Smoothed IPW t—e— 0.06 (-0.01, 0.13)
Flexible IPW F—Te— 0.03 (-0.10, 0.18)
LTMLE 7 0.01 (-0.10, 0.12)

-0.2-0.10.0 0.1 0.2

Risk Difference

Figure 3. Risk differences (RDs) from 3 estimators (inverse prob-
ability weighting (IPW) with high amounts of smoothing, IPW with
limited smoothing, and longitudinal targeted minimum loss-based
estimation (LTMLE)) used to estimate the per-protocol effect in the
Effects of Aspirin in Gestation and Reproduction (EAGeR) Trial,
2007-2011. Bars represent 95% confidence intervals (Cls).

across follow-up, and this probability must be bounded
away from O for all treatment regimens examined, which we
can evaluate by looking at distributions of the cumulative
propensity score. As shown here, we may see the effects
of violations of this condition manifested in wide 95% Cls,
unless our approach is highly parametric. Perhaps more
importantly, with a lack of positivity, it becomes risky
to interpret an estimated association as a causal effect—
regardless of the estimator used.

This discussion was motivated by an attempt to estimate
the per-protocol effect of the EAGeR Trial in a robust and
flexible manner using LTMLE (8, 21). The risk difference
we obtained, though, had wide 95% Cls, and further inves-
tigation revealed a clear practical violation of the positivity
condition. The imprecision persisted when we changed our
estimator to [IPW and estimated the weights using parametric
models with limited smoothing across treatment and time.
We were only able to shrink the size of our CIs by intro-
ducing further, strong parametric assumptions. This was
the approach taken in the published EAGeR per-protocol
analysis; the authors used parametric models in their g-
computation algorithm to extrapolate across gaps in the
data (14).

We might then ask ourselves whether the wide 95% ClIs
we obtained when using an estimator with limited smoothing
were a flaw or a feature. On the one hand, we might say this
uncertainty makes it difficult to interpret or learn from the
analysis. From this vantage point, we would view the impre-
cision as a flaw to be overcome, perhaps by introducing
models with stronger parametric assumptions. Smoothing is
thus a practical solution for obtaining answers in a complex,
longitudinal data structure. On the other hand, we might
argue that the wide CIs were simply an accurate reflection
of the high uncertainty we should have in our estimates.

Am J Epidemiol. 2022;191(11):1962-1969

They remind us of the limited amount of information we
can draw from our data set alone. One might also say that
introducing strong parametric assumptions to overcome the
“flaw” would obscure the underlying lack of positivity.

However, another solution to the issue of nonpositivity
in longitudinal studies exists beyond introducing parametric
assumptions: targeting a different estimand (10). This could
mean estimating an effect through, say, 3 months rather than
6 months of follow-up or estimating an effect within the
subset of the sample that was capable of being exposed
(a solution that is particularly attractive when there are
structural positivity violations). This could also mean not
estimating the ACE. One example of a causal estimand
that is targetable in the context of time-varying data with
long follow-up is the incremental effect (31). This esti-
mand quantifies the effect on the outcome of shifting each
individual’s propensity score by a specified odds ratio. In
our EAGeR example, we could have estimated the incidence
of pregnancy if we had doubled each woman’s probability
of compliance with her assigned treatment at each time
point, relative to her observed probability of compliance.
The advantage of estimating the incremental propensity
score effect over the ACE is that it does not require that we
meet the positivity condition for identification. Moreover,
like LTMLE, estimation of incremental effects is a doubly
robust approach that can be implemented using machine
learning algorithms. Other estimands that relax the positivity
condition are also available (10, 32).

In the case of practical positivity violations, another solu-
tion would be to design a study that has sufficient sample size
to estimate the ACE across the entirety of follow-up. Unlike
structural positivity violations, practical positivity violations
will disappear as the sample size increases. However, if
the required sample size is impractical or the analysis is
being conducted in existing data, one of the other solutions
discussed above may be more appropriate.

While our discussions have focused on the practical pos-
itivity violations in our data, the impact of those violations
on the estimated results, and solutions for overcoming the
violations, we must also remember that positivity is just one
of the identifiability conditions necessary for causal infer-
ence. For the estimators discussed here, we must also meet
the exchangeability and consistency conditions. Conditional
exchangeability in the time-varying setting requires that the
observed exposure (and censoring) be independent of the
counterfactual outcome at each time point, conditional on
history of exposure and history of baseline and time-varying
confounders. Selection of the confounders to include should
be based on one’s causal model, but in practice decisions
such as the final confounder set and the number of historical
values to include in the model are closely linked to some of
the trade-offs we discussed here. The positivity assumption
is directly linked to the confounder set that is chosen, and
one solution for nonpositivity is to trade confounding bias
(by not including a confounder in one’s model that leads to
a positivity violation) for the bias due to practical violations
of positivity.

Data with long follow-up periods and time-varying expo-
sures are common in epidemiology, and there are a growing
number of methods we can use to estimate the ACE in
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these settings. However, it is a mistake to jump straight
from choosing the target estimand to estimation to report-
ing of results, without assessing how well one can meet
the causal identifiability conditions. It should be standard
practice to examine the potential for positivity violations
in applied analyses, by using cumulative propensity score
plots like Figure 2 or by examining the distribution of inverse
probability weights. Researchers can even go one step fur-
ther by using methods such as the parametric bootstrap to
quantitatively assess the potential for bias due to positivity
violations (10). Furthermore, it is crucial that we recognize
how inherently difficult it can be to meet the positivity
condition in longitudinal analyses estimating the ACE and
what solutions are available. In such settings, we must decide
whether making strong parametric assumptions is justified to
obtain a precise answer, whether exposing one’s true level
of uncertainty by staying more flexible is instead desired,
or whether an alternative estimand would answer one’s
research question just as well.
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