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In their simulation study, Choi et al. [1] compared different methods for handling missing
covariate data in the context of propensity score analysis. This study addressed an important
question on how propensity score matching and weighting perform coupled with different
methods handing missing data when a treatment effect is homogenous or heterogeneous.
Their study concluded that if a treatment effect is homogenous then a complete case analysis
yields a valid average treatment effect estimate under missing at random (MAR) and even
under missing not at random (MNAR) mechanisms. We are concerned that the authors made
this conclusion from a limited range of simulation scenarios for a homogeneous treatment
effect that considered only a null treatment effect and missing mechanisms independent of
the outcome.

From the study of Leyrat et al. [2], we see evidence for which complete case analysis may
be biased for a homogeneous treatment effect, if the missingness of covariate values is
dependent on the outcome under a missing at random (MAR) mechanism. Leyrat et al.
simulated a binary outcome from a logistic regression model with a binary treatment and
three covariates, among which two covariates were subject to a missingness with the
probability that was a function of the outcome and the fully observed covariate. Leyrat et al.
evaluated propensity score weighting analysis using complete cases and after multiple
imputation in terms of the marginal relative risk (RR). The logistic regression model for the
outcome had no interaction terms between the treatment and any covariate, and the zero
regression coefficient for the treatment was used to generate a null treatment effect, RR = 1,
which was also homogeneous. When RR =1 and the missingness was independent of the
outcome, complete case analysis appeared to be unbiased. However, when RR = 1 and the
missingness was dependent on the outcome, complete case analysis appeared to be biased.
Leyrat et al. also considered other three casual estimands under scenarios of a homogeneous
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treatment effect and showed that there was bias in treatment effect estimates from complete
case analysis whenever the missingness was dependent on the outcome.

We need to note that the homogeneity of a treatment effect depends on the types of outcome
and causal estimand. A homogeneous treatment effect holds for a continuous outcome when
the conditional mean model has no interactions between the treatment and the covariates.
With a binary outcome, a homogeneous treatment effect may hold for one causal estimand,
but not for other causal estimands, unless there is no treatment effect [3]. Thus, the
assumption of homogeneous treatment effect is most likely to be violated if multiple causal
estimands with a binary outcome are considered.

Choi et al. used the potential outcome framework to describe when complete case analysis
yields unbiased treatment effect estimates. Let ¥* and Y2 denote potential outcomes that
would have seen if an individual had been treated and not treated, and Zdenote a binary
treatment (Z= 1 if treated, Z= 0 otherwise). Then, the average treatment effect (ATE) is
defined as A Y2 — Y9]. For simplicity, as in Choi et al., we consider two covariates, X = (X,
X5); only X5 has missing values, and R denotes the corresponding missing indicator(/R =1 if
there are missing values, /R =0 otherwise). If treatment effects are the same for all
individuals, then the ATEs for the populations with and without missing values are identical
to the ATE for the whole population:

E[YI—Y0|R=O]=E[Y1—YOIR=1]=E[Y1—Y0]. @

Condition (1) holds because Y2 — Y2 for any group of subjects is identical to the ATE for the
whole population. Therefore, if the treatment is heterogeneous, then complete case analysis
with any propensity score methods such as inverse probability of treatment weighting
(IPTW) and matching will be invalid, because the ATE for the /#= 0 group will not be the
same as the ATE for the whole population. Choi et al. used condition (1) to address the
validity of complete case analysis. However, condition (1) is the necessary condition for
complete case analysis to be valid for the ATE. Importantly, a propensity score analysis
using complete cases can yield biased estimates for the ATE under condition (1).

The fundamental assumption of propensity score analysis is that treatment assignment
should be statistically independent of the potential outcomes conditional on the observed
covariates. This is called the assumption of strongly ignorable treatment assignment [4], and
can be written as

(Y‘ - YO) 1 Z|X, @

where _£ denotes statistical independence. The IPTW estimator is known to be consistent for
the ATE under condition (2). Therefore, the IPTW estimator using complete cases will be
consistent if condition (2) holds for the 7= 0 group, i.e.,

(YI—YO)J_Z|X,R=0, ®)
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A question arises as to what additional conditions are needed to have condition (3) from
condition (2). Clearly, if it is missing completely at random (MCAR), then condition (3)
holds from condition (2) because condition (2) holds regardless of the value of /. Under
MAR, simulation studies [1, 2, 5] have shown that complete case analysis is unbiased if the
missingness is independent of the outcome and there are no treatment effects for all subjects.
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