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We thank the Editors for this opportunity and the dis-
cussants for their insightful comments. The discussions
added much depth and breadth to this work. In the fol-
lowing, we address the comments by each discussant.

1. KRISTIN LINN

1.1 Potential Violation to the Conditional
Independence Assumption

The conditional independence assumption in display
(10) of the main manuscript says that the time-varying
covariate is conditionally independent of the random ef-
fects given all the observed history prior to the covariate
(i.e., all the previous outcomes, previous treatment assign-
ments and previous covariates). Linn commented that the
conditional independence assumption may require further
justification for our data example, HeartSteps. In partic-
ular, she noted that latent factors, such as levels of de-
pression and anxiety, can be associated with endogenous
time-varying covariates such as location, and these latent
factors can be part of the random effects. We would like
to clarify that this possible association does not necessar-
ily violate the conditional independence assumption; a vi-
olation would be such association after conditioning on
the observed history. For our data example, it is possible
that even after conditioning on the observed history, the
current location of the user may still be correlated with
the latent factors. Because this assumption is not testable
without additional modeling assumptions, it is critical to
carefully scrutinize the assumption both through scientific
knowledge and through sensitivity analyses. Under addi-
tional modeling assumptions, it is possible to test for this
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assumption, and another discussant, Cho et al., provided
a potential solution to test empirically the conditional in-
dependence assumption (see Section 3 of this rejoinder).
Linn also pointed out that the latent factors, such as lev-
els of depression and anxiety, can change over time and
be impacted by prior treatments. For such settings, latent
variable models such as partially observed Markov deci-
sion processes may prove useful (e.g., Ross et al., 2011).

1.2 Choice Between Marginal Effect and Conditional
Effect

Linn commented that a marginal effect estimate may be
preferred over a conditional effect, due to reasons includ-
ing the interest on population-level intervention and ethi-
cal and privacy concerns. We agree that there are settings
where the marginal effect is of primary interest, such as
in the primary analysis of an MRT. For these settings, we
recommend use methods for estimating marginal causal
effect for MRT (Boruvka et al., 2018, Qian et al., 2019).
There are, however, settings where the person-specific ef-
fect is of interest. For example, in exploratory analyses
behavioral scientists may want to understand how individ-
uals respond to the treatment differently in addition to that
explained by the difference in their observed covariates.
Such analyses has the potential to aid the development of
individualized mobile health interventions (Nahum-Shani
et al., 2018).

1.3 Two Practical Suggestions

We wish to echo two other comments by Linn, as they
have very important practical implications.

One of our main contributions is to show that under
the conditional independence assumption, standard linear
mixed model (LMM) software can be used to estimate
the conditional effect even if there are endogenous covari-
ates. As a cautionary note, Linn commented that “[e]ase
of implementation also opens the door for quick appli-
cation of the proposed estimation approach by nonstatis-
ticians or time-deprived statisticians who may not take
time to fully consider whether the critical assumptions
seem reasonable.” We reiterate the two caveats when ap-
plying standard LMM software with endogenous covari-
ates: (i) When the conditional independence assumption



