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Summary. Missing data are frequently encountered in the statistical analysis of randomized
experiments. | propose statistical methods that can be used to analyse randomized experi-
ments with a non-ignorable missing binary outcome where the missing data mechanism may
depend on the unobserved values of the outcome variable itself even after taking into account
the information in the fully observed variables. The motivating empirical example is a German
election experiment where researchers are worried that the act of voting may increase the prob-
ability of participation in the post-election survey through which the outcome variable, turnout,
was measured. To address this problem, | first introduce an identification strategy for the aver-
age treatment effect under the non-ignorability assumption and compare it with the existing
alternative approaches in the literature. | then derive the maximum likelihood estimator and its
asymptotic distribution and discuss possible estimation methods. Furthermore, since the iden-
tification assumption proposed is not directly verifiable from the data, | show how to conduct
a sensitivity analysis based on the parameterization that links the key identification assump-
tion with the causal quantities of interest. Finally, the methodology proposed is extended to
the analysis of randomized experiments with non-compliance. In addition, although the method
that is introduced may not directly apply to randomized experiments with non-binary outcomes,
| briefly discuss possible identification strategies in more general situations.

Keywords: Average treatment effect; Causal inference; Instrumental variables; Intention-to-
treat effect; Non-compliance; Sensitivity analysis

1. Introduction and a motivating example

Missing data are frequently encountered in the statistical analysis of randomized experiments,
and they raise various methodological issues that must be addressed for valid causal inference.
In this paper, I propose statistical methods that can be used to analyse randomized experiments
with a non-ignorable missing binary outcome where the missing data mechanism may depend
on the unobserved values of the outcome variable itself even after taking into account the infor-
mation in the fully observed variables. The outcome in randomized experiments is often binary.
Examples include the turnout of voters in political science research, employment of workers
in economic job training experiments, student graduation or dropout in education research
and death or certain illness conditions in medical studies. In these studies, non-ignorable miss-
ing data may exist; even given fully observed covariates, voters who voted in an election are
more willing to answer a post-election survey, and employed workers are more likely to report
their employment status. Such a non-response pattern can be in part attributed to a sense of
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social desirability that people have about voting and employment as well as to their tendency
to participate in surveys, which they find relevant for themselves.

This paper is motivated by a randomized experiment that was conducted during the 2005
Bundestag election in Germany (see Goldstein e al. (2007) for more details about the exper-
iment). The experiment used Internet-based surveys. During the week immediately before the
election, a randomly selected group of participants (i.e. the control group) was asked whether
they intended to vote in the forthcoming election. Another randomly selected group of partici-
pants (i.e. the treatment group) was asked whether they intended to vote, and if so whether they
planned to vote in person rather than by mail. The voters in the treatment group were then asked
to list the main obstacles that could affect whether they would vote in the forthcoming election
(this group is different from the group that was analysed in Goldstein et al. (2007)). During the
week after the election, the same participants were asked whether they had voted in the election.

The different questions that were posed to each group are viewed as different stimuli, defining
the treatment factor. The stimulus that is given to the treatment group is designed to induce
implementation intentions among the experimental subjects (e.g. ‘since I shall be busy on the
election day, I am going to vote by mail!’), whereas the stimulus that is given to the control
group is designed to encourage the voters simply to form goal intentions (e.g. ‘1 am going to
vote!’). In the psychological literature, there is a large amount of theoretical and empirical
studies showing that implementation intentions can more effectively increase the probability of
achieving one’s goal by automating goal implementation through anticipatory decisions (see,
for example, Gollwitzer (1999)). For example, Orbell ez al. (1997) found that those women who
had been asked to write down when and where they would perform a breast self-examination
were more likely to perform it when compared with a group of women who had been only asked
whether they intended to perform a breast self-examination. The German election experiment
tests this implementation intentions hypothesis in the context of voting in an election.

Table 1 presents a summary of the data that are used for this paper. For both the treatment
and the control groups, background characteristics, which include their gender and birth year,
were also collected. The experimental subjects come from two German on-line panels, which are
not necessarily a representative sample of the voting population. I focus on those subjects who
have completed the pre-election survey, assuming that non-response in the pre-election survey
is independent of the treatment factor (see also the appendix of Goldstein et al. (2007)). This
assumption is reasonable given the fact that the treatment is subtle and is administered later in
the pre-election survey. In fact, the data are consistent with the assumption; as expected because
of the randomization of the treatment, the pretreatment covariates appear to be balanced.

Table 1. Summary of the German election datat

Group Pre-election data Post-election data
Size  Fraction  Year of  Fraction of  Non-response Reported
female birth vote rate turnout among
(mean) intenders respondents
Treatment 548 0.546 1970.88 0.942 0.206 0.828
Control 572 0.538 1971.08 0.930 0.248 0.805

TFraction of vote intenders refers to the sample proportion of those who said that they were
planning to vote.
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However, the non-response rate to the post-election survey is lower for the treatment group
than for the control group. The observed difference, which has a p-value of 0.11 based on the
x2-test of a contingency table, may have arisen because the missing data mechanism depends
on the actual turnout of the participants of the experiment. There are at least two reasons why
researchers worry about non-ignorable missing data in this experiment. First, those who voted
in the election may have been more willing to answer the post-election survey since the act of
voting itself may have increased their interest in the election and/or more generally in politics.
The existing evidence suggests that those who do not vote are often not interested in politics
and are less willing to participate in political surveys (e.g. Burden (2000)). Secondly, those who
did not vote may be less likely to participate in the post-election survey in part because they
may view abstention as a socially undesirable act. If the missing data are indeed non-ignorable,
then the observed difference of reported turnout rates among respondents in Table 1 would be
a biased estimate of the average treatment effect (ATE).

The rest of the paper is organized as follows. In Section 2, I first propose a method that can
be used to analyse standard randomized experiments with non-ignorable missing binary out-
comes. In Section 3, I then apply this method to the German election experiment data. Although
the method that is introduced in this paper may not directly apply to randomized experiments
with non-binary outcomes, I also discuss possible identification strategies in more general set-
tings. In Section 4, I show how these methods can be extended to the analysis of randomized
experiments with non-compliance. This is an important generalization as non-compliance is
often encountered in randomized field experiments. I discuss the advantages and disadvantages
of the proposed method over the existing approaches in the literature. The methods proposed
are applicable to causal inference in observational studies where the ignorability of treatment
assignment is assumed (Rosenbaum and Rubin, 1983a). Finally, the proposed and other related
methods are available as an R package experiment (Imai, 2008) at the Comprehensive R Archive
Network (http://cran.r-project.org).

My analysis begins by establishing the bounds of the ATE (Horowitz and Manski, 2000) and
then considers assumptions that are sufficient for point identification. I then derive the maximum
likelihood estimator of the ATE and its asymptotic distribution, and I discuss possible estimation
methods. Since the identification assumption proposed is not directly verifiable from the data, I
show how to conduct a sensitivity analysis based on the parameterization that links the key iden-
tification assumption with the causal quantities of interest. The sensitivity analysis proposed
offers a formal assessment about how the resulting causal estimates may vary if the assumptions
are violated to a specified degree. The analysis also complements the method of bounds which
seeks to establish the identification region from the observed data alone without invoking any
assumption.

In recent causal inference literature, several methods have been proposed to deal with missing
data in randomized experiments. They include the method of bounds (Horowitz and Manski,
2000), semiparametric models (Scharfstein et al., 1999) and approaches that are based on the
assumptions of ignorability (Yau and Little, 2001) and latent ignorability (LI) (Frangakis and
Rubin, 1999). This paper aims to contribute to this growing literature by providing alternative
identification and estimation strategies. The methods proposed are closely related to those of
missingness not at random that have been developed in the context of longitudinal data analysis
(e.g. Diggle and Kenward (1994) and Hirano ez al. (2001)). Throughout this paper, the approach
proposed is compared with these alternative methods. Finally, following the previous works
(see, for example, Scharfstein et al. (1999), Vansteelandt and Goetghebeur (2001) and Verzilli
and Carpenter (2002), and references therein), the sensitivity analysis that is introduced in this
paper examines the sensitivity of one’s conclusion to the assumption about the missing data
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mechanism. Others in the literature have focused on the assessment of sensitivity to the assump-
tions about unmeasured confounders in observational studies (e.g. Rosenbaum and Rubin
(1983b), Lin et al. (1998), Robins et al. (1999) and Rosenbaum (2002)).

2. Methodology

In this section, I consider the statistical analysis of standard randomized experiments with non-
ignorable missing outcomes. I begin by describing the potential outcomes framework of causal
inference (Holland, 1986).

2.1. Framework
Let 7; be the binary treatment indicator variable, i.e. T; € {0, 1}. Let ¥;(7;) denote the binary
potential outcome variable of unit i if the treatment value 7; is received, i.e. Y;(7;) € {0,1}.
Thus, whereas Y;(1) represents the outcome of unit i when receiving the treatment, ¥;(0) is the
outcome of the same unit without the treatment. For each unit, only one of the two potential out-
come variables can be observed, and this realized outcome variable is denoted by Y; =T; Y; (1) +
(1 =T;)Y;(0). Next, let R;(T;) € {0, 1} represent the potential binary recording variable, which
equals 1 if the realized outcome variable Y; is observed for unit 7 after receiving the treatment
value of 7; and is equal to 0 otherwise. Although there are two potential recording variables
for each unit, only one of them is observed. The observed recording variable is denoted by
R =T; R;(1)+ (1 — T;) R;(0). Finally, we use X; to denote a vector of observed pretreatment
covariates. Throughout this paper, I make the stability assumption, which states that there is
neither interference between units nor different versions of the treatment (Cox, 1958; Rubin,
1990). I also assume non-zero probability of treatment assignment, i.e. 0 <Pr(7T;=1|X;=x) < 1
for all x e X where X is the support of X;.

In standard randomized experiments, the treatment is randomized so that the potential out-
come and potential recording variables are independent of the treatment variable. Formally, we
have the following assumption.

Assumption I (randomization of treatment).
(Yi(1), Yi(0), Ri(1), R;(0)) L T3| X,
where ‘ Il * denotes statistical independence.

Note that this conditional independence assumption is often invoked for causal inference in
observational studies (Rosenbaum and Rubin, 1983a). A common quantity of interest is the
ATE, which is defined as

Tate = E{Yi(1) - Y;(0)} =/X{E(YiITi =1,X) - EY|T;=0,X,)}dFx, (D

where Fy; is the distribution function of X, and the equality follows from assumption 1 and the
definition of ¥;.

2.2. Identification

I first study the non-parametric identification of the ATE with non-ignorable missing outcomes.
To do this, it is sufficient to consider the identification of the ATE at each point of X;. Define
TATE(x) = E{Y;(1) — ¥;(0)| X; = x} where x € X'. Then, under assumption 1, the ATE can be
rewritten as
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P10(x) T10(xX) + pr1(x) T (x)  poo(x) moo(x) + po1 (x) mo1 (x)

TATE(X) = - , 2
ATE m10(x) + 711 (x) 700 (x) + o1 (x)
where p i (x) and 7 j (x) are defined as
P ) =Pr(Y;=1T;=j, Ri=k, X;=x), (3)
mjk(x) =Pr(Ti = j, Ri =k|Xi=x), 4)

for j=0,1 and k=0, 1 where Ej:OEkzoﬂ—jk(x) =1 for all xe X. Although p;;(x) and 7 (x)
for j, k=0, 1 are identifiable, it is clear that the observed data do not impose any restriction on
pjo(x). Hence, by setting poo(x) and pyo(x) to their extreme values (0 and 1), the following sharp
(i.e. best possible) bounds for 7oTg (x) can be obtained (see Horowitz and Manski (2000)),

P11(x) T11 () {700 (xX) + 701 (X) } — {700 (X) + po1 (x) wo1 (x) H{m10(x) + 711 (X)}
{m10(e) +m11(x) H{moo (x) + o1 (x) }

{m10(0) + p11(x) 711 (x) Hmoo (x) +mo1 (x) } — pot (x)mo1 (X){m10(x) + 711 (x) }
{m10(x) + 711 (0) H{moo (x) + o1 (X) }

where the width of the bounds is equal to

m10(x){m0(x) + o1 (x) } + mo0 (x) {10 (x) + 711 (X) }
{m10(x) + 711 (x0) H{moo (x) + 701 (x) }

which is not equal to 0 unless 710 (x) = mpo (x) = 0. Aggregating these bounds over the distribution
of X, we obtain the sharp bounds of the ATE. Without an additional assumption, therefore,
the ATE is not point identified.

A common way to point-identify the ATE is to assume that the outcome variables are missing
at random and the missing data mechanism is ignorable (Little and Rubin, 1987). In the context
of standard randomized experiments, using the potential outcomes notation, the missingness
at random (MAR) assumption can be written as follows.

TATE(X) €

B

>

Assumption 2 (identification assumption for ignorable missing outcomes).
Pr(R=1|T;=j,Yi=1,X;=x)=Pr(R;=1|T; =, Y;=0, X;=x), for j=0,1, and Vxe X.

Since assumption 2 implies that po(x) = p11(x) and pgg(x) = po1 (x), the ATE can be identified
at each point of X as 7aotg(x) = p11(x) — po1 (x).

Although the MAR assumption may be reasonable in many situations, researchers often
worry that the missing data mechanism may further depend on the values of the outcome vari-
able itself and hence is not ignorable. To deal with such non-ignorable missing data, I propose
the following identification assumption.

Assumption 3 (identification assumption for non-ignorable missing outcomes).
Pr(R; =1|T,= 1, Yi=k, X;i=x)=Pr(R; =1|T,=0, Yi=k, X;=x), for k=0, 1, and Vxe X.

The assumption implies that, within each of the strata that are defined by the realized (but
not necessarily observed) outcome as well as covariates, the missing data mechanism does not
depend on the treatment variable. Such an assumption may be reasonable if the treatment rep-
resents a relatively weak intervention in terms of future non-response. Related ideas have been
discussed in the context of longitudinal data analysis (see, for example, Diggle and Kenward
(1994), Scharfstein et al. (1999) and Hirano et al. (2001)). Assumption 3 does not eliminate
the need to control for confounders. Indeed, even if the treatment does not directly affect the
missing data mechanism the assumption can be violated. This happens if the treatment affects
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the outcome and there are unmeasured factors that are associated with the outcome as well as
the non-response behaviour.

In the context of the German election experiment, assumption 3 (non-ignorability (NI))
implies that those who voted in the election have the same probability of reporting their voting
behaviour in the post-election survey, regardless of their treatment status after conditioning
on the observed pretreatment covariates (and the same condition holds for those who did not
vote). In contrast, the identification strategy that is based on assumption 2 (MAR) implies that
the non-response probability is independent of the actual turnout given the treatment status
and the observed pretreatment covariates. As discussed in Section 3, the NI assumption may be
reasonable because the act of voting itself may increase one’s interests in the election and hence
make them more likely to participate in the post-election survey. It is important to note that, in
the pre-election survey, voters in the treatment group were asked only two additional questions
compared with those in the control group. If the burden of answering the pre-election survey
would have been significantly higher for the treatment group, the treatment may directly affect
the response probability even after conditioning on the voting outcome and the pretreatment
covariates.

Under assumption 3, it is straightforward to show that the ATE is just identified.

Proposition I (identification of the ATE with non-ignorable missing outcomes). Under assump-
tions 1 and 3,
{a(x) —b(x) H{moo (x) w11 (x) — o1 (x) T10(x) —a(x) +b(x)}
711 (x) mo1 () { po1 (x) — p11(x) Hmoo (x) + o1 (x) Hmrio(x) + 711 ()}

where a(x) = p11(x) w11 (x){mo0 (x) + 71 (x) } and b(x) = poy (x) To1 (xX){710(x) + 711 (x) }. In addi-
tion, given assumption 1, assumption 3 is a minimal assumption which allows ToTg(x) to be
identified.

TATE(X) =

A proof'is given in appendix A.1. Equations (16) and (17) in the proof also imply observable
implications of assumption 3. In particular, if the value of either pyy(x) or pio(x) lies outside
the unit interval, then assumption 3 is violated (the converse, however, is not true).

2.3. Generalization to multivalued treatment and outcome variables

Now, I briefly consider the generalization of the above identification strategy for the non-
ignorable missing outcomes beyond the setting of the binary outcome and treatment variables.
Suppose that the treatmentisa J- valued variable and the outcome is a K-valued variable, i.e. T; €
{0,1,...,J—1}and ¥;(j) €{0, 1, ..., K — 1} where J >2 and K >2. Then, the ATE is defined
at each of the treatment levels (and at each value of X; =x where xe€ X)), T/gTE x)=E{Y;:()) —
Y,(j—D|X;=x}for j=1, — 1. Once T/gTE(x) has been identified for each j=1,...,J—1,

then other non- contlguous ATEs are also identified, e.g. E{Y;(3) = Y;(D)|X;=x} = fTE(x) +

7 (x).

AREn argument that is similar to that made for the case of the binary outcome variable implies
that there are J x (K — 1) unknown probabilities, i.e. Pr(Y; =k|T; = j, R; =0, X; = x) for each
(j, k), and that the identification of these probabilities is required to identify the ATE. Similarly
to assumption 3, I assume that

Pr(Ri=1IT;=j.Yi=k, Xi=x)=Pr(Ri=1|T;= ], Yi=k,X; =),

where j# j'. Since there are J(J — 1)K /2 p0551ble such constraints, one can choose J(K — 1)
constraints of them to identify all the ATEs, i.e. TATE (x)forall j=1, —1,solongasJ>3—
2/K . (The resulting estimator depends on the selection of these constramts since different sets of
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constraints imply different assumptions about the missing data mechanism.) Thus, J =2 and
K >3 represent the only case where the identification of the ATE is not achieved without an
additional restriction. This is a limitation of the proposed identification strategy under the NI
assumption. In contrast, the MAR assumption always provides J(K — 1) linearly independent
constraints. To point-identify the ATE in such situations under the NI assumption, therefore,
a general strategy is to make a parametric assumption about the conditional independence
between R;(7;) and T; given Y;(T;), e.g.

exp(a+ fy +x)

Pr{R()=1Ti=}.Yi())=y,Xi=x}= T exp(at By +1x)

where «, 3 and v are unknown parameters.

2.4. Inference

I now discuss the estimation of the ATE under assumption 3. First, we consider the estimation
of the ATE within each stratum defined by the pretreatment covariate. The inference can be
based on the following (observed data) likelihood function:

[T [P 1= pue) Y m 1R [ por (0" {1 = por (x) } 7 o1 (o] R =10
ie{iX;=x}

x {10 (x) Fimop (x) =T 1R ©)

Given this likelihood function, the maximum likelihood (ML) estimator of the ATE and its
asymptotic properties can be derived.

Proposition 2 (asymptotic distribution of the ML estimator under assumption 3).

nV2 {7 AR (X) — TATE (D)} > N{0,8(0) TS () ()},
where 7aTEg (%) is the ML estimator of 7oTg (x), and % (x) and 6(x) are given in Appendix A.2.

A proof is given in Appendix A.2. Given this ML estimate of 7aTg(x), we can consistently
estimate the ATE by estimating the distribution of the pretreatment covariates. Alternatively, we
may be interested in estimating the quantity which averages 7aTg (x) over the empirical distribu-
tion of X, which is sometimes called the conditional average treatment effect (CATE) (Imbens,
2004),

n

TCATE = % izl TATE(X:). (6)
This avoids the modelling of the covariate distribution, which can be high dimensional, and
results in smaller uncertainty of estimation.

In practice, the number of observations within strata defined by the values of the pretreatment
covariates is so small that the asymptotic approximation of proposition 2 within each stratum
may be quite poor. In such situations, we may use regression-based methods with the observed
pretreatment covariates by modelling p ;i (x) and 7 (x) for j,k=0,1. Then, the inference will
still be based on the likelihood function of equation (5).

However, there is an alternative modelling strategy. In particular, applied researchers may
prefer to model the outcome variables directly, i.e. g;j(x) =Pr(Y; =1|T; = j, X; = x), and the
response indicator, i.e. rjx(x) =Pr(R;=1|T;=j,Y; =k, X;=x), for j=0,1 and k=0, 1, since
they are more likely to have substantive knowledge about these probabilities, than 7 j (x) and
pj1(x). Under assumption 3, r.x (x) =r1x(x) =rox (x) for k=0, 1. Once g;(x) has been estimated,
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the CATE can be estimated as

1 n
TCATE= ;{m (X)) —qo(X))}.

Although rj(x) is a nuisance parameter in this set-up, it is non-parametrically identified un-
der assumption 3. For example, it can be shown that r.(x) = p11(x) 711 (x)/{p10(x) T10(x) +
p11(x) 11(x)}, implying that r.; (x) is identified because p1o(x) can be also written as a function
of identifiable parameters (see equation (17)). Similarly, one can show that r.o(x) is non-para-
metrically identified.

Finally, to obtain the ML estimates of model parameters, we maximize the observed data
likelihood function. However, in the empirical example that is given in Section 3 and other
simulation settings, standard numerical optimization algorithms are found to be somewhat
unstable. Thus, I use the expectation and maximization (EM) algorithm to obtain the ML es-
timates (Dempster et al., 1977) (see Appendix B and also Stubbendick and Ibrahim (2003))
by integrating out the missing data in the following complete-data likelihood function:

T X {1 = (X0} R g (X {1 — (X} R0 (X {1 — 1 (X} 7"

i=1
x [90(X)""{1 = go(x)}' ="'~ %)

The asymptotic variance can be calculated in the usual way (see, for example, Louis (1982)).
It is also possible to conduct a Bayesian analysis based on the likelihood function of equation
(7). Once prior distributions have been specified, a Markov chain Monte Carlo algorithm can
be constructed to sample model parameters from their posterior distribution.

2.5. Sensitivity analysis

Next, I propose a sensitivity analysis for the NI assumption. In particular, we assess how the
deviation from the assumption alters the resulting conclusions. First, I consider a sensitivity
analysis based on the ratio of the two conditional probabilities,

Pr(R;=1|T;=1,Y,=k,X;=x)

0 (x) = :
e = R =T =0V, =k X =)

@®)

fork=0, 1 andall x € X. In the German election experiment, 911\” (x)and 931 I(x) represent the ratio
of response probabilities in the strata that are defined by X; = x between the treated and con-
trol individuals who voted or did not vote in the election respectively. Assumption 3 holds
when Q}:H (x)=1 for k=0,1 and all x. The ATE can be written as a function of the sensitivity
parameters and identifiable quantities,

[a(x) po1 @){1 = pr1()} =05 @) b(x) 11 {1 = por ()} 1{ax) — 07 () b(x)}
a(x) b0 ){1 = pr1 (0} por(¥) — 5" {1 = por ()} pr1 ()]
where a(x) and b(x) are defined in proposition 1. Given this expression, sensitivity analysis can

be conducted by computing the ATE based on various values of 9(1)\“ (x) and 0{‘“ (x) within their
range, i.e.

FATE ()

b

{I—pr®)}mx) <Nl < {1 = po1(x)} mo1 (x) + 00 (x)
(I=pn@}ym ) +m@) 0 {1 = po1(x) } mo1(x)
p11(x) 711 (x) Po1 (x) mo1(x) + moo (x)
p11(x) m11(x) +710(X) po1(x) mo1 (x)

<M <
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Similarly, for the MAR assumption, we can base the sensitivity analysis on the following ratio

of these conditional probabilities:
GMAR( - Pr(Ri=1|T;=j,Yi=1,X,=x)
Pr(Ri=1|T;=j,Y=0,X;=x)"

®

for j=0, 1. Clearly, if HMAR(x)—l for j=0, 1, then assumption 2 is satisfied. Using the identi-
fiable parameters, the poss1ble range of values for GMAR (x) is given by

pj1(x) mj1(x) HMAR(x)< {1=pj1(0)}mj1(x) +7jo(x)
7 0(x) + pj1 (X) 71 (x) S {I-piima)

A straightforward calculation shows that the ATE can be estimated once the value of O?MR has
been specified within this range for j=0, 1:

for j=0,1.

P11 () _ Po1(¥)
OMARO){1 — pri)} + p11 () AR {1 — por ()} + por (x)

TATE(X) =

Thus, sensitivity analysis can be conducted by changing the values of HMAR (x) and observing
how the ATE changes with QMAR (x).

Although this sensitivity analy51s is formulated in terms of the risk ratio, we can also use
the risk difference. One disadvantage of these approaches (the risk ratio and risk difference),
however, is that, as we saw above, the sensitivity parameters are bounded by unknown (though
identifiable) quantities. Also, researchers may wish to conduct a sensitivity analysis within their
parametric analysis (see Scharfstein e al. (1999) and references therein for a semiparametric
or non-parametric approach in more general settings). In this case, a sensitivity analysis that
is based on the odds ratio may be reasonable though its main disadvantage is the difficulty
of interpretation (e.g. King and Zeng (2002), pages 1411-1412). Following the literature (e.g.
Rosenbaum (1987, 2002)), the sensitivity analysis for the MAR and NI assumptions can be
conducted by using the following logistic regression model for the response probabilities:

exp(ajx + [x)
1 +exp(ajx+ (x)’

(X mjk) =

where 7, = (aj, ) is a vector of unknown parameters. An alternative sensitivity analysis is
to consider all possible enumeration of missing data patterns (thereby avoiding the parametric
model for the non-response mechanism) and to assess the sensitivity of parameter estimates in
the outcome model (Vansteelandt and Goetghebeur (2001) and Verzilli and Carpenter (2002),
and references therein).

Under this model, the sensitivity parameters proposed define the range of odds ratio for the
conditional probabilities of missingness, to assess the sensitivity of the causal estimates to the
violation of the assumptions: for MAR,

[MAR _ ritniD /{1 =rjGan)}
/ rio(x;njo) /{1 —rjo(x;m0)}

=exp(a;1 —ajo); (10a)

for NI
NI _ T i) /{1 =ricCene) }
S roe (e mor) /{1 — rok (s 10}

=exp(aix — qok)- (10b)

Here TMAR > 0and TN > 0for j=0, 1 and k=0, 1. Thus, sensitivity analysis may proceed by first
specifying the values of FMAR or F}:“, which are equivalent to setting a1 — ajo = log(FMAR) and
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alg — oo = log(FkNI) respectively. Under this parametric approach, the sensitivity parameters
do not depend on the value of the covariates.

Furthermore, as shown in Appendix B, if we postulate parametric models for g;(x;¢;) =
Pr(Y; =1|T;=j, X; =x;¢;), e.g. the logistic regression models, then the EM algorithm can be
used to obtain the ML estimate of the CATE. Alternatively, a Bayesian analysis can be con-
ducted by specifying the prior distribution on model parameters, while respecting the constraints
that are implied by the values of the sensitivity parameters.

Finally, a referee suggested that, although the sensitivity analyses proposed are formulated in
terms of the missingness probabilities, one may wish to connect the proposed sensitivity param-
eters to the outcome success probabilities of those whose outcome variables are unobserved
within each treatment arm. This can be done in a straightforward manner. For example, pgg(x)
can be written as a function of the sensitivity parameters 6 (x)\! and identifiable quantities:

1 ()[mo1 () {1 = po1(¥)} + 700 ()] — co O () {11 (x) +710(0) } + 711 (x) p11(x)]
c1(x) oo (x) — co(x) m11(x) p11(x)/ por(x)
where c¢j(x) ={1 — p;1(x) }7;1(x). An alternative strategy, which was suggested by another ref-

eree, is to express the magnitude of bias under the NI assumption as a function of the sensitivity
parameter, i.e. a degree to which the NI assumption is violated.

Poo(x) =

>

3. Empirical analysis of the German election experiment

In this section, I analyse the German election experiment that was described in Section 1 by
applying the methods that were introduced above.

3.1. Estimation of the average treatment effects

I first estimate the ATE in equation (1) under the NI assumption by using the results in proposi-
tions 1 and 2 and compare them with the estimate under the MAR assumption. I then estimate
the CATE in equation (6) by modelling the turnout and recording indicator variables para-
metrically under the NI assumption and base our inference on the likelihood function in equa-
tion (5). Specifically, I use the following parametric models: ¢;(X;) =Pr(Y;=1|T;=j, X;=x) =
exp(a;+xT3) /{1 +exp(a;+xT8)} and ri(X;) =Pr(R; =1|Y; =k, X; =x) =exp(yx +x76) /{1 +
exp(yx + xTé)}, where Y; is the voting indicator variable which is equal to 1 if respondent i voted,
X; includes the gender (1 if female, and 0 otherwise), the last two digits of the year of birth,
voting intention (1 if intended to vote, and 0 otherwise), and indicator variables representing
the region of residence of each respondent. The EM algorithm in Appendix B is used to obtain
the ML estimate of the CATE. For the comparison, I also obtain the ML estimate of the CATE
under the MAR assumption by modelling

i) =Pr(Y;=1|R;=1,T; = j, X; =x) =exp(n; + x &) /{1 + exp(n; + xT&)}.

Table 2 presents the ML estimates of the ATE and the CATE as well as their standard errors
and 95% confidence intervals. The standard errors and confidence intervals for the ATE are
based on its asymptotic variance, whereas those for the CATE are based on 1000 (standard
non-parametric) bootstrap replications. The results show that the estimated effect size is larger
under the NI assumption than under the MAR assumption. In particular, when controlling for
the observed pretreatment covariates, the point estimate is approximately 4.6 percentage points
with the 95% confidence interval just overlapping zero. In contrast, under the MAR assump-
tion, there is little evidence that the treatment increases the probability of turnout. Moreover,
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Table 2. Estimated ATEs (increase in turnout) for the German
election experimentt

Assumption Point Standard 95% confidence
estimate error interval

Lower Upper

MAR

No covariate 0.021 0.026 —0.030 0.073
With covariates 0.014 0.025 —0.035 0.063
NI

No covariate 0.035 0.051 —0.049 0.119
With covariates 0.046 0.036 —0.011 0.129

TUnder the assumptions of MAR and NI, the ML estimate of
the ATE and CATE are presented without and with pretreatment
covariates respectively. The standard errors and confidence inter-
vals for the ATE are based on its asymptotic variance, whereas
those for the CATE are based on 1000 bootstrap replications.

the inclusion of pretreatment covariates significantly reduces the uncertainty estimates under
the NI assumption, whereas this does not appear to be so under the MAR assumption.

3.2. Sensitivity analysis

Next, following the strategies that were described in Section 2.5, I conduct a sensitivity anal-
ysis under the two assumptions. Fig. 1 presents the results without pretreatment covariates.
Here, I calculate the estimated ATE based on each set of the values of the sensitivity parame-
ters, (6’(1)‘/[AR, GNAR) for the MAR assumption (Fig. 1(a)) and (6’(1)\“, 911\11) for the NI assumption
(Fig. 1(c)), where I chose [0.8, 1.2] as the range of the values although the bounds on these sen-
sitivity parameters are wider (e.g. [0.76, 1.41] for 011\11 and [0.76, 2.51] for 911\4AR). For example,
this means that under the NI assumption I investigate the sensitivity of the conclusion that is
based on the estimates that are given in Table 2 to the key identifying assumption by letting
the response probability of the treated units who actually voted be different by a maximum
20% from the response probability of the control units who voted. Figs 1(a) and 1(c) plot the
estimated ATE under each of various combinations of the values of the sensitivity parame-
ters. Similar graphs are created by using z-statistics where the standard errors are based on the
standard non-parametric bootstrap. They are presented in of Figs 1(b) and 1(d).

Fig. 1 shows that under the NI assumption the point estimate of the ATE can vary from 0.15
to —0.075, suggesting that the empirical evidence supporting a positive effect of the treatment in
this experiment is quite sensitive to the key identifying assumption. Although the sensitivity of
the point estimate under the NI assumption appears greater than that under the MAR assump-
tion, the degree of the variation in ¢-statistics is similar under the two assumptions, implying
that the standard error under the NI assumption is larger.

Finally, another sensitivity analysis is conducted by using the observed pretreatment covar-
iates. The analysis is based on the two sensitivity parameters, FIO\H and FII\H that were defined
in equation (10), which represent the odds ratios of the (conditional) recording probabilities
between treated and control units given the actual voting behaviour and the observed pre-
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Fig. 1. Sensitivity analysis for the German election experiment without pretreatment covariates, (a), (b)
under the MAR assumption and (c), (d) under the NI assumptlon in eac graph the values of two sensi-
tIVItPI parameters (representing the horizontal and vertical axes), (98AR, 9MAR) for the MAR assumption and

o) for the NI assumption, range from 0.8 to 1.2, and the es(l)lmated ATE ((a) and (c)) and t-statistics
((b) ‘and (d)) are calculated and plotted for each set of the values; t-statistics are based on the standard
non-parametric bootstrap

treatment covariates. Table 3 represents the results of this analysis for a range of values of the
sensitivity parameters. We observe that, when ('), Fll\“) = (%, 3) (the upper right-hand cell), the
estimates are quite different from the results under the NT assumption (reproduced in the middle
cell with (TN, I‘II\H) =(1,1)). However, this scenario may be unlikely if we expect the treatment
to affect directly voters’ response probability in the same direction regardless of whether they
actually voted in the election. For the same reason, the scenario corresponding to the lower
left-hand cell, i.e. (FONI, I‘ll\”) = (%, 3), may not be plausible although it yields the estimate which
is much larger than that obtained under the NI assumption. If these scenarios are ignored,
Table 3 appears to suggest that the treatment either increases the turnout by 5 percentage points
on average or has a negligible effect for the range of values of the sensitivity parameters that is
considered here.
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Table 3. Sensitivity analysis for the NI assumption with the pre-
treatment covariatest

NI_ 1 NI NI
FI =3 Fl =] Fl =3
=1 0.046 0.003 —0.075
(0.027) (0.020) (0.027)
[-0.006,0.100] ~ [—0.032,0.046]  [—0.128, —0.024]
= 0.045 0.046 0.004
(0.029) (0.036) (0.039)
[-0.015,0.097]  [-0.011,0.129]  [—0.073,0.080]
=3 0.134 0.047 0.046
(0.029) (0.033) (0.028)
[0.080,0.192]  [-0.020,0.111] ~ [—0.009,0.101]

TFkN] for k=0, 1, which is defined in equation (10), is the sensitivity
parameter which equals the odds ratio of the (conditional) recording
probabilities between the treated and control units given the actual
voting behaviour and the observed pretreatment covariates. The mid-
dle cell with (FONI, I‘Il\n) =(1, 1) shows the results when the NI assump-
tion holds. Within each cell, the first row represents the ML estimate
of the ATE, whereas the second and third rows give the estimated stan-
dard errors and 95% confidence intervals, based on 1000 bootstrap
replications.

4. Extension to randomized experiments with non-compliance

In this section, I extend the identification and estimation strategies that were described in
Section 2 to the analysis of randomized experiments with non-compliance and non-ignorable
binary missing outcomes. In voting experiments that are similar to the German experiment that
was analysed above, non-compliance is a common problem. For example, to study the influ-
ence of a Web-based political campaign on voting behaviour, Horiuchi et al. (2007) used an
encouragement design where randomly selected voters were encouraged to view political par-
ties” Web sites. However, some voters who were encouraged did not view the designated Web sites.
Another example is a standard ‘get out the vote’ experiment where researchers are interested in
estimating the causal effects of different mobilization techniques on turnout (e.g. Gerber and
Green (2000) and Imai (2005)). In these experiments, some voters in the treatment group cannot
be contacted by canvassers whereas others in the control group may be exposed to this type of
campaign. These examples suggest that the extension of the proposed methods to randomized
experiments with non-compliance is of practical importance.

4.1. Framework

Let Z; be the binary (randomized) encouragement variable, which is equal to 1 if unit i is
encouraged to receive the binary treatment and is equal to 0 otherwise. The observed binary
(non-randomized) treatment variable is denoted by 7; = Z; T; (1) + (1 — Z;) T;(0) where T;(1) and
T;(0) represent the potential binary treatment variables with and without the encouragement.
Finally, the binary potential outcomes are denoted as Y;(Z;), whereas the potential record-
ing variables are represented by R;(Z;). As before, I denote the realized outcome variable as
Y;=Z;Y;(1)+ (1 —Z;) Y;(0) and the observed recording variable as R, = Z; R;(1) + (1 — Z;) R;(0).
Although Iignore the pretreatment covariates throughout this section for notational simplicity,
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a generalization of the results that are presented here can be easily accomplished by following
the approaches that were given in the previous section.
In this section, the encouragement variable Z; is assumed to be randomized.

Assumption 4 (randomization of encouragement).
(Yi(1), ¥i(0), T;(1), T;(0), Ri(1), R:(0)) UL Z;,
foreachi=1,2, ...,n.

In the absence of missing data, assumption 4 alone is sufficient to identify the intention-to-
treat (ITT) effect or the average causal effect of encouragement:

nrr=E{Y;(1) -Y;(0)} =E(Yi|Z;=1)— E(Y;|Z;=0). (11)

In addition to the ITT effect, another causal quantity of interest can be defined by fol-
lowing Angrist et al. (1996) and defining the latent compliance type as follows: unit i is a
complier if T;(Z;) = Z; (which is denoted by C; =c), a never-taker if 7;(1) = T;(0) =0 (which
is denoted by C; =n), an always-taker if 7;(1) = 7;(0) = 1 (which is denoted by C; =a) and
a defier if T;(Z;) =1 — Z; (which is denoted by C; =d), where C; represents the compliance
covariate for unit i. Angrist et al. (1996) showed that under the assumption of no defier
(or the monotonicity assumption), i.e. 7;(1) > 7;(0), and the exclusion restriction for never-
takers and always-takers, i.e. Y;(1) =Y;(0) for units with C; =a and C; =n, we can identify
the ATE for compliers, which Angrist et al. (1996) called the complier average causal effect
(CACE),

E{Yi(1)-Y;(0)}
E{T;()~T;(0)}
For compliers the ATE equals the ITT effect. Since the treatment variable is assumed to

be without missing values, E{7;(1) — 7;(0)} can be identified. Thus, the identification of 7T
implies that of 7cocg under the monotonicity assumption and exclusion restriction.

Tcace = E{Y;(1) = Y;(0)|Ci=c} =

4.2. lIdentification
To study the identification problem in this setting, a useful decomposition of the ITT effect
under assumption 4, which is similar to that in equation (2), is

1o
> > Pkl Z Z P jk0T jk0

Jj=0k=0 ]— 0 k=0

T ="—"7"7 : , (12)
> >0 Tk Z > ko
j=0k=0 j=0k=0

where pji; and 7y are defined as p iy =Pr(Y; =1|T;=j, Ri=k, Z; =) and wjy =Pr(T; = j, R; =
k,Z;=1). Whereas mj; and p|; are identifiable, p jo; is not. Since p jo; can vary within the unit

interval, the following bounds for the ITT effect can be derived:

1 1
> PjlTj Z(p,10W110+7T/00) > PjlTj Zp,loﬂjlo

c | =0 =0 Jj=0 J—
TTT 1 1 C T 2
> Tk > D Tiko Do Tk Z Z T jk0
Jj=0k=0 j=0k=0 Jj=0k=0 j=0k=
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where the width of the bounds equals

11 11
(m101 +m001) D Do ko + (100 +T000) D D Tkl
Z0k=0 j=0k=0

1 1
<Z Zﬂjkl) > > ko
Jj=0k=0

j=0k=0

The bounds for the CACE can be obtained by dividing the upper and lower bounds of the ITT
by 7111 + 7101 — (7110 + 7100)-

A standard approach to point-identify the ITT is to assume that the data are missing at
random (Yau and Little, 2001). In the context of causal inference, the assumption can be writ-
ten as follows.

Assumption 5 (identification assumption for randomized experiments with non-compliance
and ignorable missing data).

Pr(Ri=1Y;=1,T;=j,Z;=0) =Pr(R;=1|Y;=0,T; = j, Z; =1),

for j=0,1 and /=0, 1, which implies that, within the strata that are defined by the observed
treatment and encouragement variables, the outcome variable is missing completely at ran-
dom. The assumption can be generalized by further conditioning on the observed pretreatment
covariates X;. Assumption 5 implies that p o = p;; for j=0,1 and /=0, 1. Hence, the ITT
effect is identified.

By extending the strategy that was developed in Section 2, I propose the following identifying
assumption for the non-ignorable missing data mechanism.

Assumption 6 (identification assumption for randomized experiments with non-compliance
and non-ignorable missing data).

Pr(Ri=1ITi=j.Yi=k,Zi=1)=Pr(Ri=1|T;=j,Yi =k, Zi =0),

for j=0,1,and k=0, 1, which implies that the missing data mechanism does not depend on the
randomized encouragement within the strata defined by the observed treatment and realized
outcome variables. Assumption 6 can be generalized by further conditioning on the observed
pretreatment variables X;.

The next proposition establishes the identification of the ITT effect under assumption 6.
Proposition 3 (identification of the ITT effect). Under assumptions 4 and 6,

|
> pittd(pjro— pj1)min + A = pjDm o /mj0 — (1= pjio)mjor }
j=0

TT =

(pj10—pj11) Z Z T jk1

j=0k=0

Z pitol(pjio—pj1)mio+ A= pjDmioo — (1= pjio)mjiomjor/mj11}
]_

(pj10—pj1n) Z Z T jk0

Jj=0k=0
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In addition, given assumption 4, assumption 6 is a minimal assumption which allows 7T to
be identified.

A proof is given in Appendix A.3. Although assumption 6 is not directly verifiable from the
observed data, it has testable implications. In particular, if the value of either p joo or p o1, whose
expressions are given in equations (18) and (19), lie outside the unit interval, then assumption 6
is violated (the converse, however, is not true). If we further assume monotonicity and the
exclusion restriction that was discussed in Section 4.1, then the CACE can be identified as

7"ITT<§1: iﬂjkl) Zl: Zl:ﬂjko

Jj=0k=0 Jj=0k=0

TCACE =

b}

1 11
(o1 +7111) Do Y Tiko — (T100 +7110) Do D Tikl
j=0k=0 20420

where 7yTT is given in proposition 3.

4.3. Inference
The estimation strategy of the ITT effect under assumption 6 parallels the methodology that
was described in Section 2.4. When there is no pretreatment covariate, we may use sample aver-
ages to estimate 7 and p;y; for each j, k and /, and then use proposition 3 to obtain the ML
estimates of the ITT effect. The asymptotic distributions of the ML estimators of the ITT effect
as well as the CACE can be derived by applying the delta method as done in proposition 2.
When some pretreatment covariates are available, however, we may directly model the out-
come, treatment and recording variables, i.e. py(x) =Pr(Y;=1|T; =/, Z;=1,X;=x), qi(x) =
Pr(T;=1|Z;=1,X;=x) and rx(x) =Pr(R;=1|T; = j,Y; =k, X; =x), for each j, k and /. Then,
the ITT effect conditional on X; = x is given by 7irr(x) = p11(x) ¢1(x) + po1 (){l —g1(x)} —
[P10(x) go(x) + poo(x){1 — go(x)}], whereas the conditional CACE is given by 7cacg(x) =
Tt (%)/{q1(x) — go(x) }. As before, we may summarize these quantities by averaging over the
sample values of X;.

4.4. Comparison with the latent ignorability approach

In the literature, a popular approach to the estimation of the ITT effect and CACE with non-
ignorable missing data is the assumption of LI, which was proposed by Frangakis and Rubin
(1999). The LI approach assumes the ignorability of the missing data mechanism only after
conditioning on the latent compliance covariate (e.g. Barnard et al. (2003) and Mealli et al.
(2004)). In the context of randomized experiments with binary outcomes, the assumption can
be written as follows.

Assumption 7 (LI assumption).
Pr{R;()=11Y;()=1,Ci=t, Z; =1} =Pr{Ri(1) =1|Y;() =0, Ci =1, Z; =1}, for1=0, 1.

Under this approach, in addition to assumptions 4 and 7, the exclusion restrictions with
respect to both the outcome and the recording indicator variables are assumed for non-com-
pliers, i.e. Y;(1) =Y;(0) and R;(1) = R;(0) for units with C; =n and C; =a. Furthermore, the
monotonicity assumption is assumed so that there is no defier. All together, it can be shown
that these assumptions identify the ITT effect and the CACE (see Frangakis and Rubin (1999)
and O’Malley and Normand (2005)).



Analysis of Experiments with Non-ignorable Missing Outcomes 99

The advantage of the NI approach proposed, i.e. assumption 6 in Section 4.2, over the LI
approach that is reviewed here is that the former does not require either the monotonicity
assumption or the exclusion restrictions for the identification of the ITT effect (as shown in
proposition 3). In contrast, the LI approach requires such assumptions even when the quantity
of interest is the I'TT effect rather than the CACE. For the identification of the CACE under the
NI approach proposed, however, both the monotonicity assumption and the exclusion restric-
tion for non-compliers (with respect to the potential outcomes but not to the potential recording
variables) are necessary. In contrast, the main advantage of the LI approach is that it can be eas-
ily extended to non-binary outcomes, whereas the NI approach requires additional assumptions
for reasons that are similar to those discussed in Section 2.2.

4.5. Sensitivity analysis

Like in randomized experiments, assumptions 5-7 are not directly verifiable from the data.
Thus, sensitivity analysis is an important tool to assess the degree to which one’s conclusion
is sensitive to the key identifying assumption. I first consider sensitivity analysis for the MAR
assumption based on the sensitivity parameter

SMAR _ Pr(Ri=1|Ty=j,Y;=1,Z;=1)
7 Pr(Ri=1|T;=j,Y;=0,Z;=I)’

for j=0,1 and /=0, 1. Clearly, if ¢MAR =1for j=0,1 and /=0, 1, the MAR assumption is
satisfied. The bounds for this parameter are given by
PIUTIU - MAR (I=pj1)mju+mjo
— L (AR ¢
PjUT 1+ T jor (I=pj)miu

A calculation similar to that described in Section 2.5 allows us to write the ITT effect in terms
of the sensitivity parameters and identifiable quantities:

Z{P/ll(ﬂjll +7T/01)}/{¢MAR(1 —pj1)+pj}

J=
TT =

Z Z ikl

j=0k=0

Z {pj10(m;j10 +7T/00)}/{¢MAR(1 —pji0)+pjio}

E Z T jkO

j=0k=0

Sensitivity analysis can be conducted for the NI assumption in a similar manner by using the
following sensitivity parameters:
_Pr(Ri=1IT;=},Yi=k, Z;=1)
o Pr(R,=1|T, =j, Yi:k,ZiZO)’
for j=0,1and k=0,1. When v =1 for all j=0,1 and k=0, 1, then the NI assumption is
satisfied. The possible ranges for these parameters are given by
Pjl1T 11 < N1<Pj107rj10+7rjoo
e L
Pj11Tj11 + T jo1 DPj107 j10

NI
o
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and
(I=ppDmn . 1.\(1)1<(1—pj10)7rj'10+7rj00_
A=ppDmjn+mjor 7 (1=pj10)7j10

The ITT effect can be written as a function of sensitivity parameters and identifiable quanti-
ties:

1
it = ), ({1 = pj11)(mj10 +7jo00)Tj11 —lb%l(l —pj10) (T + 7o) 10} (P11 1170
j=0
- wﬁlpjloﬁjloml)[7T--07T~17Tj107fj11{1/)}\11(1 —Ppj1)Pjlo— 111%1(1 —pio)pn h,
where 7., = E}:()Ellcz()ﬂjkl for!1=0,1.
Finally, the following sensitivity parameters can be used for the LI assumption:
'(/]LI _ PI‘{R,'(I) =1|C;=tY()= 1,7; =l}
T P{R()=1|Ci=1,Y;() =0, Z; =1}

(13)
where t € {c,a,n} and /=0, 1, and the LI assumption is satisfied if zthI =1forallte{c,n,a} and
=0, 1. The sensitivity parameters can be partitioned into groups that are defined by types of
complier. Thus, for example, we may make the LI assumption for compliers and always-takers
and assess the sensitivity to the assumption about never-takers.

To obtain the expression of the ITT effect as a function of identifiable quantities and sensitivity
parameters, I start with the decomposition

Pr{Y;()=1|Ci=t,Z; =1} = prura + pioi(1 = ra), (14)

where Dkl = PI‘{Y,([) =1|1Ci=t,Ri() =k, Z; =l} and ry = PI‘{R,’(Z) =11Ci=t,Z; = l}, for r e
{c,n,a} and [ =0, 1. Then, the ITT effect can be written as the weighted average of the ITT
effect for each type of complier:

nrr= >, Pr(Ci=n{pairn + pwoi1(1 =r1) = proro — poo(l —ri0) }- (15)
te{c,a,n}

Since the encouragement is randomized, under the monotonicity assumption the population
proportion of each type of complier, i.e. Pr(C; =1), can be identified and consistently estimated
as X (1 -T)Z;/¥!_, Z; for never-takers and X!, T;(1 — Z;)/X"_, (1 — Z;) for always-takers,
whereas the population proportion of compliers is given by Pr(C; =¢)=1—Pr(C; =a) —
Pr(C; =n). Appendix C of Imai (2007) proves that, given the values of z/)};I, the parameters
pua and ry are identified for k=0,1 and / =0, 1. Therefore, the sensitivity analysis proposed
can be conducted by examining how the value of 7yt changes as a function of 1/1[%1 by using
equation (15).

5. Concluding remarks and remaining methodological issues

Missing data are frequently encountered even in randomized experiments, and applied research-
ers often worry that the missing data mechanism may depend on their unobserved values. In
this paper, I offer a set of identification, estimation and sensitivity analysis strategies that can
be used to adjust for non-ignorable missing binary outcomes in randomized experiments both
with and without non-compliance. The methods proposed are motivated by and applied to the
German election experiment where it is hypothesized that the act of voting itself may increase
the response probability of the post-election survey. The empirical analysis shows that the esti-
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mated ATEs under the NI assumption are larger than under the usual MAR assumption, but
the results are quite sensitive to the key identifying assumptions. Whether the same methods are
applicable beyond voting experiments is an issue that needs to be considered in the future.
Although the discussion is given in the context of randomized experiments, the methods
proposed are in principle applicable to causal inference in observational studies where the ig-
norability of treatment assignment is assumed to hold conditioning on observed pretreatment
covariates. Furthermore, there are some possible extensions that could address the remaining
methodological issues. First, although a non-parametric identification analysis has been con-
ducted in this paper, the estimation with covariates is based on parametric modelling assump-
tions. The development and application of robust non-parametric estimation techniques are of
interest. Second, one could consider how the methods proposed can be extended to repeated
measures. Another important extension is to generalize the methods that are described in Sec-
tion 4 to the situations where the encouragement, treatment and/or outcome variables are mul-
tivalued. Finally, the present paper considers missing outcome data alone, but the coexistence
of missing data in covariates and outcome variables is also an important topic to be studied.
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Appendix A: Proofs of propositions

A.1. Proof of proposition 1
Applying the Bayes rule, it is easy to show that these equality constraints are sufficient to identify pgo(x)
and po(x), i.c.

_ Do [{1 = p11(x) }moo(x) w11 (x) — {1 = po1 () } o1 (x) T10(x)]
o0 (%) ™11 () { po1 (¥) — pr1(x)}

Pr{1— pri(x)} moo(x) w11 (x) — {1 — po1 (x) } mo1 (x) 710 (x)]
o1 (x) T10(X){ po1 (¥) — pr1(x) } '

Poo(x) , (16)

pro(x) = (17

Substituting these into equation (2) gives the desired expression of the ATE as a function of identifiable
quantities. To show that assumption 3 is a minimal assumption for the identification of 7atg(x), recall
that without the assumption about the missing data mechanism the observed data impose no restriction
on p;o(x) for j=0, 1. Thus, to identify 7ot (x), at least two linearly independent restrictions are required.
Assumption 3 provides such restrictions.

A.2. Proof of proposition 2
For notational simplicity, we omit the conditioning on X; =x from this proof (i.e. (x) will be omitted).
The ML estimator of the ATE, 7arg, is obtained by replacing 7, and p; in proposition 1 with their
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corresponding sample estimates, i.e. Too =X (1 = T;))(1 = R;)/n, o1 =X_ (1 = T)R;/n, 71o=2X}_, T;(1 —
R)/n, iuXi_ TiRi/n, py, =X ViT;R:/E}_ TiR; and py; =%, V(1 = T)Ri/Xi_; (1 — T;) R;. Then, by apply-
ing the multivariate central limit theorem to a vector of independent and identically distributed random
variables, V;, the result immediately follows from the use of the delta method and Slutzky’s theorem after
some straightforward but tedious algebra. Since ¥ and § which are defined below can be consistently
estimated, the asymptotic variance can also be consistently estimated. Finally, X is the variance—covari-
ance matrix of a random vector, V;=((1 —T)R;, T:(1 — R;)), T;R;, Y;T;R;, Y;(1 — T})) R;), and the §-vector is
equal to

6*

o1 (por — pin) (oo + o1 (w0 +711)

where the elements of §* are given by

A(B—A)pn

mo1(po1 — p11)’

A(B— A)(moo + o1 — 10 — T11)
(o0 + mo1) (710 + 1)

5 =—(mo+mA+

85 =—(pumi + pomor)(B—2A) — (w1 +mo1)A —

Poi oo + To1 — Mo — 11
8F = —(pumi + pormor) (B—2A) + (mgg — 7 )A—A(B—A){ }
} P portor o (por — p1)m™r - (oo + mo1) (10 + 711)

A(B—A
5f=(W00+F01)(B—2A)+¥,
(po1 — 1T
A(B—A)
6 =—(mo+m1)(B—24) — ————,
(po1 — p1)™o1

where A =1 p11(moo + To1) — o1 po1 (10 + 1) and B =moo71; — Ti97o1 -

A.3. Proof of proposition 3

Assumption 6 implies that Pr(R; =1|T;=j,Y; =k, Z;=1)=Pr(R,=1|T; =}, Y=k, Z;=0) for j=0,1 and
k=0, 1. Using the Bayes rule, it is easy to show that this constraint is sufficient to identify the unknown
probabilities, i.e.

_ pio{(1=pj)m00minn = (1= pjio)mji0mjo1 }
0=
007 j11 (P_/lo - p_/'ll)

> (18)

jO

_ P {A = puD)mjoomjin— (= pjio)m™jiomjor } (19)
107 jo1 (Pjl0 — Pj11) ’

ol

for j=0, 1. Substituting these expressions into equation (12) gives the desired expression of the ITT effect
as a function of identifiable quantities. Using the same argument as in the proof of proposition 1, assump-
tion 6 is a minimal assumption for the identification of the ITT effect because it provides a set of four
linearly independent constraints.

Appendix B: The EM algorithm for the sensitivity analysis
The observed (conditional) likelihood is given by
Lobs (@15 P2, 100, 701> 10> 11 Yobs, R, T', X)
=TT{gr, (Xi; or)rrn Xi; nr ) PR {1 — g1, (Xi; 01) Yrro (X nno)](l_yi)Ri
=1

i=

X [CIT,-(X,‘; ¢7T,»){1 — T (Xi;nnl)} + {1 —dqrT; (X[;€Z5Ti)}{1 —VTio(Xz;ﬁT,-o)]l_R’,
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where Y, is the observed outcome data. The complete-data (conditional) likelihood function is

Lcom (00, D1, 1005 01> 17105 M1 1 Yobs> Ymiss R, T, X)

H[QT,(X“¢E)rnl(Xz,Ur,l)R‘{l —rp (X))} RN

x [{1 = qr.(Xi; 61} rro (Xismm0) 5 {1 = rro (Xis o) 510,

where Y,,;; denotes the missing outcome data. Thus, to obtain the ML estimates of the model arameters

the followmg EM algorithm can be used. Let the starting values of the parameters be (¢(0) o} ,77(()?, 77(()(]))

nlg ,77“) ). Then, the (¢ 4 1)th iteration of the algorithm is given by the following steps.

3

(a) E-step: for each i, set

o {1 —rpXanfh} q;(Xi )
Yi = {1_r/l(Xzanjtl))}qj(xta¢m)+{1 rjO(XHn([))}{l_qj(Xlaqb(r))}
Y, if (R, TH=(1, )),

for j=0,1.
(b) M-step: ﬁnd the values of parameters which maximize the following function and set them as (¢('+'),

(1) " @+D D @+D (D)
A1 e N1 sMo T )

S(t+1)

if (R;, ) = (0, ),

Z Y, llog{qr,(Xi; 1)} + R; log{rr1 (Xisnr) } + (1 — R) log{1 —rr1 (Xi3m7,1) }]

(+)

+(1- Mog{1 —q7,(Xi; 1)} + R; log{rr,o(Xi;n1,0) } + (1 — R) log{1 —rro(Xi;nr0) .

This step can be accornphshed by using a numerical optimization algorithm.
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