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Abstract

In pairwise randomized experiments, what if the outcomes of some units are missing? One solution is to
delete missing units (the unitwise deletion estimator, UDE). If attrition is nonignorable, however, the UDE is
biased. Instead, scholars might employ the pairwise deletion estimator (PDE), which deletes the pairmates
of missing units as well. This study proves that the PDE can be biased but more efficient than the UDE and,
surprisingly, the conventional variance estimator of the PDE is unbiased in a super-population. | also propose
a new variance estimator for the UDE and argue that it is easier to interpret the PDE as a causal effect than
the UDE. To conclude, | recommend the PDE rather than the UDE.

Keywords: local average treatment effect, matched-pair design, not missing at random, principal effect,
potential outcome

Introduction

In pairwise randomized experiments, researchers collect pairs of units, where the two units in each
pair share the exact or similar values of matched-on variables, and randomly assign treatment
to one unit in each pair (Imbens and Rubin 2015, ch. 10). The difference-in-means of outcomes
between the treated and control groups estimates the average treatment effect (hereafter, ATE)
on the outcome without bias. This design is an efficient tool to enable pretreatment balance, in
particular when the number of units is small (Donner and Klar 2000, 32).

Nonetheless, a major problem of pairwise randomized experiments is attrition; the outcomes
of some units are sometimes missing (Donner and Klar 2000, 40; Glennerster and Takavarasha
2013, 159; Hayes and Moulton 2009, 72-74). Moreover, attrition might be nonignorable, that is, it
may be related to the value of an outcome (Allison 2002, 4-5). The typical solutions to attrition,
inverse probability weighting and (multiple) imputation techniques, do not work in this situation
(Allison 2002; Little and Rubin 2002). Accordingly, if analysts are not satisfied with bounds (Imai
and Jiang 2018), they will usually employ one of the following two methods.

The first, but naive, approach to attrition is the unitwise deletion estimator (UDE). That is,
analysts delete only missing observations and apply the difference-in-means estimator to all
the remaining units to estimate the ATE (Glennerster and Takavarasha 2013, 159). It is, however,
well known that the UDE can be biased if attrition is nonignorable (e.g., Little and Rubin 2002,
41-44).

The second textbook tool to address attrition is the pairwise deletion estimator (PDE),
which deletes missing units as well as the other units in the same pairs and calculates the
difference-in-means by using units in the remaining pairs only (Donner and Klar 2000, 40; Imai,
King, and Nall 2009, 44). The PDE protects the balance of matched-on variables, but it is not
sufficient to retain the distribution of treatment effects across units and thus guarantee unbiased
estimation of the ATE. Rather, as Dunning (2011) and Gerber and Green (2012) warn, the PDE can be
biased. Scholars may also suspect that since the PDE discards more units, it will be less efficient
than the UDE (Hayes and Moulton 2009, 73-74).
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Even though both the UDE and the PDE can be biased, we should use one of them given no other
option. Previous studies do not examine the bias and variance of these estimators in this situation.
This paper takes the design of pairwise randomization seriously, derives the properties of the two
estimators and their variance estimators, and recommends the PDE rather than the UDE. Proof
of the propositions, detailed comments on them, and an application example are available in the
Supplementary Material.

Finite Sample

Setting

Suppose that there are N(> 2) pairs and each pair is composed of two units. Let Yj;, R;;, and Xj;
denote the realized outcome, realized response, and treatment status, respectively, for unit i of
pairjwherei=1,2andj =1,2,...,N. R is equal to one (zero) when Yj; is observed (missing). Xj;
is equal to one (zero) when unit i of pairj is assigned to the treated (control) group. Since thisis a
pairwise randomized experiment, for every pair j, either Xi; =1, Xp; =0 or Xj; =0, Xp; = 1 holds.

I make the stable unit treatment value assumption (Imbens and Rubin 2015). Y;;(1) and R;;(1)
denote the potential outcome and response for unit i of pair j if treatment is assigned to the unit
(Xi; = 1), respectively. R;;(1) is equal to one (zero) when Yj; = Yj;(1) is observed (missing) in the
case of treatment. Y;;(0) and R;;(0) are defined similarly for the case of control.

The main estimand in this section, the finite sample ATE, is denoted by 7 = E{Y};(1) - Y};(0)} =
3 2ty X24{Y5j(1) - Y;;(0)}. The full sample estimator is denoted by - = E(Y; | Xij = 1) - E(Y;; |
Xij = 0). This estimator is not available in the case of attrition. Rather, analysis of 7 provides
reference benchmarks against which this study compares the properties of the UDE and PDE.' The
UDEisdenoted by 7y = E(Y; | Xj; =1,R;j =1)—E(Yj; | X;; =0, R;; = 1). Obviously, it can be defined
only when Ny = X, 312, X;;R;; > 1and Ne = ¥, 317, (1 - X;;)R;; > 1. The PDE is denoted by
’fp = E(Y,‘j | X,‘j = 1,R1j = sz = 1)—E(Y,'j | X,‘j = O,RU = sz = 1). It can be defined only when
Nec= 20, RijRy; = 1.

In order to clarify the properties of estimators in the propositions below, for x = 0, 1, this study
denotes the between-pair and within-pair deviations of potential outcome by g;;(x) = {Y3;(x) +
Yo (x)}/2= E{Yry (x)} and wys(x) = ¥ (x) = {Y1;(x) + Yo (x)} /2

This study assumes pairwise randomization of treatment assignment. That is, each Xj; is
ignorable and independent, and Pr(X;; = 1) = 1/2. In addition, the following three assumptions
of potential responses are optional; | will invoke one of them in each of the propositions below.
“FS” stands for the “finite sample.” First, | specify the assumption under which no outcomes are
missing and thus 7 is available.

AssuMPTION 1 (No Attrition: FS) Vi,j, R;;(1) = R;j(0) = 1.

Second, we assume a perfect match in the sense that the potential responses are the same
between the units in every pair. For instance, in the cases of (monozygotic) twins and littermates of
the same sex, matched-on variables (e.g., [part of] DNA) may completely explain the missingness
pattern. Under this assumption, N; and N, are constant regardless of treatment assignment, and
the properties of iy can be expressed simply enough to understand its essence.

AssuMPTION 2 (Unitwise Matched Attrition: FS) Vj, Rq;(1) = Ro;(1), R1;(0) = R2;(0).

Finally, we consider the assumption under which N, is constant regardless of treatment assign-
ment, when the properties of 7p can be presented concisely. This assumption holds if (but not

Imai (2008) and Imbens and Rubin (2015, ch. 10) have already established the properties of 77 except for Propositions 3 (1)
and 3" (1).
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2.2

2.3

only if) either (or both) of the following two scenarios is true in every pair j. The first scenario
is when attrition is unitwise matched (Ry;(1) = Ry;(1), R1;(0) = R2;(0)). (Therefore, Assumption 2
always leads to Assumption 3 but not vice versa.) The second scenario is when each unit is either
an “always-reporter” (R;;(1) = R;;(0) = 1) or a “never-reporter” (R;;(1) = R;;(0) = 0) (Gerber and
Green 2012, 225). For instance, in the cases of blind tests, subliminal stimuli, and administrative
records, it is likely that R;;(1) = R;;(0).

ASSUMPTION 3 (Pairwise Matched Attrition: FS) Vj, R1;(1)R2;(0) = R1;(0)Ry;(1).

Bias
In this section, the operator E(-) takes expectation over the random assignment of the treatment.
Now, | present the bias of each ATE estimator.

PROPOSITION 1 (Bias of ATE Estimators: FS)

(1) Under Assumption 1, E(f¢) — 7 = 0.

(2) Under Assumption 3 and Ny > 1, E(#p) — 7 = E{B;;(1) = Bi;(0) | R1;(1) = Ry;(1) = Ry;(0) =
R2;(0) = 1}.

(3) UnderAssumption 2 and N¢, No > 1, E(y)—7 = E{B;j(1) | R;;(1) =1} — E{B;;(0) | R;;(0) = 1}.

A few remarks are in order. First, unless we assume ignorable attrition, not only 7, but also
%p are biased for 7. Second, ¥p has a causal interpretation under a weaker assumption than 7.
UnderAssumption3and N;. > 1,1 define akind of local average treatment effect (LATE) of “always-
reporting pairs” by e = E{Y;;(1) = Y;;(0) | R1;(1) = Ro;(1) = R1;(0) = R2;(0) = 1}.2 This is a causal
effect becauseitis a principal effect (Frangakis and Rubin 2002) where the corresponding principal
stratum is a set of such pairs that Ry;(1) = Ry;(1) = R1;(0) = R2;(0) = 1. It follows that 7 is unbiased
for 7p: E(fp) — 7p = 0. This argument may correctly remind readers of instrumental variable
estimation for noncompliance cases. By contrast, even under Assumption 2 and N;, N, > 1, it is
difficult to interpret 7y as a causal effect unless R;;(1) = R;;(0) for all i and j, in which case 7y is
reduced to 7p.

Variance

In this section, Var(-) and Cov(-,-) denote the finite sample variance and covariance, respectively,
and the operator VZ(-) takes variance over the random assignment of the treatment. Here are the
variances of the three ATE estimators.

PRoPOSITION 2 (Variance of ATE Estimators: FS)

(1) Under Assumption 1,
VA(tr) = 1N[Var{w,-,-m )} +Var{w;(0)} +2Cov{w; (1), w;;(0)}].

(2) Under Assumption 3and Nz > 1,

V(tp) = N1 [Var{w;;(1) | R1;(1) = R2;(1) = R1;(0) = R2;(0) = 1}
+Var{w;;(0) | R1;(1) = Ro;(1) = R1;(0) = R2;(0) = 1}

+2Cov{wjj(1),w;;(0) | R1;(1) = R2;(1) = R1;(0) = Ry;(0) = 1}].

tc

2 Imaiand Jiang (2018) calls it “the average treatment effect for always-observed pairs.” They derive bounds of £, without

making Assumption 3 and propose a sensitivity analysis. Their study complements the present paper.
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(3) UnderAssumption2and N¢, N, > 1,

V(2y) = NltVar{w,-j(n |Ry(1)=1}+ N%Var{w,-,-(m | Ry(0) =1}

. ,%/N,:/c Cov{w;;(1),w;;(0) | R1j(1) = Ryj(1) = R1;(0) = Ry;(0) = 1}.
tiVc

It is worth while mentioning that even though the number of units used for estimation is not
smaller for 7y than for #p (i.e., Ny, N > Nyc), Ty can be less efficient than 5 (i.e., V2(y) > V2(p))
if Var{w;;(x) | R1j(x) = Rgj(x) =1,R1;(1 —x) = Ry;(1 — x) = 0} is sufficiently larger than Var{w;;(x) |
RU(]) = RQj(]) = RU(O) = RQJ'(O) = 1}fOI’X =0,1.

Variance Estimator

How should we estimate the variances of these three ATE estimators? For certain situations, some
scholars advocate “breaking the matches” (Lynn and McCulloch 1992), namely, analyzing data
from pairwise randomized experiments as if they are completely randomized experiments. Thus,
| begin with the Neyman variance estimator. Suppose that Assumption 1 holds. For x = 0,1, if
Xij = x,anatural estimator of w;; (x) is @;;(x) = Yi; — E(Y;; | Xj; = x). Accordingly, we may estimate
Var{wj;(x)} in the first and second terms of the equation in Proposition 2 (1) by

Var(Y,-j | Xij = x).

N
Var{c[),j(x) | X,‘j =x}= N1

N
N -1
The third term of the equation in Proposition 2 (1) “is generally impossible to estimate empirically

because we never observe both Yj;(1) and Y;;(0) for the same unit” (Imbens and Rubin 2015, 92).
Thus, if we dismiss the third term, we derive the Neyman variance estimator of 7 as

=~ 1
Wheman ) = ——— {Var(¥;; | X;; = 1)+Var(¥;; | X;; =0)}.

Similarly, without Assumption 1, if Nz > 2 or Ny, N. > 2, we can derive the Neyman variance
estimators of ©p or £y as

Vheyman (p) = {Var(Yj; | Xij =1,Rq1j = Ry = 1) +Var(¥j; | Xjj =0,Ryj = Ry = 1)}

tc_1

~ . 1 1
\/Neyman(,ru) = N 1Var(Y,-j | X;j=1,R;y=1+ N

t— c

1Var(Y/j | Xi;j =0,R;; =1),

respectively.

Nonetheless, researchers do not have to give up estimating the third terms in the equations
in Proposition 2. A merit of pairwise randomized experiments is that even if Xi; = 1,Ry; = 1,
analysts may estimate w;(0) by @1;(0) = —d2;(0) because w;;(0) = —w,;(0). This finding is the most
important contribution of this study. Therefore, when Ny, > 2, we may estimate Cov{w;;(1), w;;(0) |
R1j(1) = sz“) = R1j(0) = sz(O) = 1} in the third terms by

N N . N
tc COV{a),J(1),a),J(0) | R1J = RZJ = 1} — tc COV(Ytj»YCj | RU = sz = 1),
Nic—1 Nic—1
Kentaro Fukumoto | Political Analysis 135
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where Yy, = 2,2:1 XijY;j and Y = 2 .(1- Xij)Yij. Accordingly, when Ny > 2, | propose the

i=1
adjusted Neyman variance estimators as

—~adi 1
VAdi-Neyman (2, ) = W{Val’(Yij | Xij = 1)+Var(Yj; | Xj; =0)-2Cov(Yy;, Ye))}
1
= N_,Ivar(Ytj_Yc')
diNeman 2y = 1 (var(y, | X, = 1, Ry = Ryj = 1)+ Var(V; | X = 0.Ry, = Ryj =1
P—N ar(ul iy = LRy =Rz = )+ar(lj| ij =Y, R = 21_)

tc_1

1
= —1Vaf(Ytj =Y | Rij=Ro=1)

tc—

i 1 1
VAditeyman(z,) = Fvar(Yy | Xy =1,Ry; = 1)+ o—=Var(Y;; | X;; =0,R;; =1)
t— c™
2N2,
— Tt _Cov(Yy,Ye | Rij = Ryj=1).
Nth(Ntc_” OV( tj C_j| 1 2j )

It turns out that the adjusted Neyman variance estimator of 7 is reduced to what scholars
recommend (Gerber and Green 2012, 77; Imai 2008, 4861; Imbens and Rubin 2015, 227). This paper

extends it to 7p and, in particular, 7y. | now derive the properties of these variance estimators.

PROPOSITION 3 (Bias of the Neyman Variance Estimators: FS)

(1) Under Assumption 1,

E(V7 (56)} - VP (6) = - [Var(B5(1)} +Var{8(0)}] - = Cov{w;(1),;(0)}

(2) Under Assumption 3 and Ny > 2,

E{VY&mN(25)} — V2 () [Var{B;;(1) | R1;(1) = R2;(1) = R1;(0) = R2;(0) = 1}

" Nee—1
+Var{B;;(0) | R;(1) = Ry;(1) = R1;(0) = R2;(0) = 1}]

~ 2 Covfa (1)@ (0) | Riy(1) = Ry(1) = Ry;(0) = Ry(0) =1},

tc

(3) Under Assumption 2 and Ny, N > 2,

BV #y)} =V () = 7 Var(B; (1) | Ry (1) =1} +

2N
Nth

N Var{B;;(0) | R;;(0) =1}

PROPOSITION 4 (Bias of the Adjusted Neyman Variance Estimators: FS)

(1) Under Assumption 1,

E{VAdNeyman (2. )y \2(2) =

N7 Var{Bi(1) - B;(0)} 2 0.

Kentaro Fukumoto | Political Analysis
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(2) UnderAssumption 3and Ny > 2,

E{VAINYman (25)} —VA(2p)

=N _1Var{/3/j(1)—/3ij(0) | R1;(1) = Ryi(1) = R1;(0) = Ry;(0) =1} > 0.

(3) UnderAssumption 2 and Ny > 2,

E{VAdNerman (2,,)} —\2(7)

1
= N Var{B;;(1) | Rij(1) =1} +
2N?

- Wt_”COV{ﬁU(U,ﬁU(O) [ R1;(1) = Ry;(1) = R1;(0) = R2;(0) = 1}.

N Var{B;;(0) | R;;(0) =1}

A merit of V‘dj‘Neyma”(fF) and V\dj"“eyma"(fp) is that they cannot have negative bias (and thus
they are conservative). By contrast, the other variance estimators can be downwardly biased.

3 Super-Population
3.1 Setting
Following Imai (2008) and Imbens and Rubin (2015, chs. 6 and 10, esp. pp. 109 and 229), this paper
supposes that the above N pairs of a finite sample are drawn from a super-population that is
composed of N*(> N) pairs, with N* large, but countable. | define super-population variables
and operators in the same way as the corresponding finite sample variables and operators, and
denote them by adding superscript * to each term. In particular, the main estimand of this section,
the super-population ATE, is denoted by * = E*{¥;2,.(1) - ¥;1,.(0)} = ﬁZJ’Vﬂ 2,2*=1{Y,-fj*(1) -
Vi 0.
| assume random sampling of pairs. In addition, the following three assumptions of potential
responses are optional in the same spirit as the finite sample case. SP stands for the “super-
population.”

AssuMPTION 1" (No Attrition: SP) Vi*,j*, R;..(1) = R;..(0)=1.
AsSUMPTION 2" (Unitwise Matched Attrition: SP) V,*, RTJ*(1) = R;j*(1), RTJ.* (0)= R;j*(O).
ASSUMPTION 3~ (Pairwise Matched Attrition: SP) V,*, Rfj*(1 )R;j*(O) = RTJ.* (O)R;j*(1 ).

Note that unlike the case of a finite sample, in the super-population perspective, N¢, N, and N,
are not constant across sampling of pairs even under Assumption 2" or 3.

3.2 Bias
In this section, the operator E*(-) takes expectation not only over the random assignment of the
treatment but also over the random sampling of the pairs. Define

B (x | riuro) = E*{BL.(x) | Ry (1) = Ry (1) = 11, R},.(0) = Ry;.(0) = ro).

The bias of each ATE estimator is as follows.

PROPOSITION 1" (Bias of ATE Estimators: SP)

(1) Under Assumption 1', E*(t¢) —7* = 0.

Kentaro Fukumoto | Political Analysis 137
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(2) Under Assumption 3,
E*(fp | Nec 2 1) =17 = E*{B1,.(1) = ;..(0) | R;,.(1) = Ry (1) = R},.(0) = R,.(0) = 1}.
(3) Under Assumption 2,

E*(fy | Ney Ng > 1) =1

-
N
_{[E*(&
N

c

N:=N, _
= N Ne 2 1) 81 1,0))
t

Nc - Ntc

c

Nt,ch1)ﬂ_*(1 |1,1)+[E*(

Nt,NCz1)B*(0|o,1)}.

Nt,NCZ1)/§*(O|1,1)+[E*(

As in the case of a finite sample, unless we assume ignorable attrition, not only 7y
but also 7p is biased for 7. It also holds that E*(fp) — 7, = 0. Furthermore, note that
in general,

E*(fy | NeoNe > 1) =" # E{B,. (1) | Ry (1) = 1} = E*{B;.,.(0) | R:;.(0) = 1}

because

%

Ntc
NeNe2 1) > 2.
N

c

N*
[E*(Nfc Nt,ch1)2 tc [E*(Ntc
N; N{ N

3.3 Variance

In this section, Var®(-) and Cov*(-, -) denote the super-population variance and covariance, respec-
tively, and the operators V?*(-) and V#(-,-) take variance and covariance, respectively, not only
over the random assignment of the treatment but also over the random sampling of the pairs. In
addition, | assume that under Assumption 3, either limy«_, N}, = co or limp- e N, < 2 holds.
| also assume that under Assumption 2', the same conditions hold not only for N}, but also for
N{—N; and N; - N/,.

Below, | derive the super-population variance of the three ATE estimators in the limit. Note that
I increase N*, not N.

PROPOSITION 2" (Variance of ATE Estimators: SP)

(1) Under Assumption T,

1 *

lim V*(2¢) = — [Var{B;.,.(1) - B;.,. (0)} + Var*{w}. . (1) + w]. . (0)}].

N*—co N
(2) Under Assumption 3,

lim V2*(2p | Nec > 1)

N*—o00
“E (N_tc Nie > 1)[Var (B7,-(1) = ;.1 (0) | R;.(1) = Ry (1) = R},.(0) = Ry,.(0) = 1)
+Var' (] . (1) + .. (0) | Ry.(1) = Ry (1) = R},.(0) = Ry;.(0) = 11.

(3) Under Assumption 2,

Mim VE(fy | Ne, Ne 2 1)
(= (5
Ne

Kentaro Fukumoto | Political Analysis 138
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3.4

N N
+[E*( t — Ntc

N
+ [[E*( fe
N?

N, N, > 1){/32*(1 11,0)+ &% (1|1, 0)}]

t

Ne N, > 1){[?2*(0 11,1)+6%(0]1,1)}

+[E*(MNt,N021){,62*(0|01) 2*(0|0,1)}]
"Z[E*(Nl\:;\c/ Ni.N, > 1)[cOv (B (1), 0) | R7;.(1) = Ry (1) = R} (0) = R;;.(0) = 1}
= Cov - (1).7,-(0) R+ (1) = Ry (1) = RY,.(0) = Ry (0) = 1))
' [v*(% NN 2 1){B"(111,1) = *(111,0))2
e (Ml = 1) 5701 1.0 0.1
‘N(,XZC IX; NeoNe 2 1){B°(111,1)= (11 1,0H{F"01,1)- 501 0,1},
where

B (x| riuro) =Var' {B;.,.(x) | R},.(1) = R3. (1) = 11, R};.(0) = R,.(0) = ro}
@ (x | r1,r0) =Var {w}.;. (x) | R}.(1) = R3;.(1) = 11, R},.(0) = Rj,. (0) = ro}.

Like the case of a finite sample, V2*(7 | Ny > 1) can be larger than VZ*(#p | Ny > 1).

Variance Estimator
Finally, | show the super-population biases of the two variance estimators in the limit.

PROPOSITION 3~ (Bias of the Neyman Variance Estimators: SP)

(1) Under Assumption 1,

Jim [E° {(Woman(g)} —\P*(26)] = = [Cov'{B}. . (1), B}, (0)} = Cov™ {w] . (1), ] . (O)}].

2l

(2) Under Assumption 3,

Jim [ {(WOman (o) | Neg = 2} =V (2p | Neo > 2)]

=2[E*(
N

tc

Nec 2 2)[Cov' (B} (1), 8};-(0) | Ry;.(1) = Ry;.(1) = R};.(0) = Ry.(0) = 1}
—Cov* {w,-*j*( ),w,-*j*( )|R1j*( )=R2j*(1)=R*

170 =R;.(0) = 1}].
(3) Under Assumption 2,

lim [E*{V'¥M9(2,) | N¢, Ne > 2} — V¥ (£ | Ni, Ng > 2)]

N*—o00
= 2" Nee
Nt

—Cov* {w}.. (1), w}.1.(0) | R} (1) = Ry (1) = R 1.(0) = Ry;.(0) = 1]

: Ne, Ne 2 2) [Cov' {8 (1), 87;-(0) | R.(1) = Ry;.(1) = R};.(0) = Ry, (0) = 1}

Ntc(Nt_Ntc) 2 Ntc 2
[E*{—N,N 22}—\/*( Ne, N 22)] (1]1,1)=B%(1]1,0
e N[N Ne = 2) [{B° (11,1 4(111,0)
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* Ntc(Nc_Ntc) * Ntc A% R*
I {—Nzuvc—n NeoNe 2 2} -2 (Vc NN 2 2)[{B*(011.1)- (01 0.1
# 2V (o T NN > 28711 11.1)-°(1 1,005 1.1) =501 0.1

PROPOSITION 4~ (Bias of the Adjusted Neyman Variance Estimators: SP)
(1) Under Assumption T,
lim [EF (VM 2e)} -V (2)] = 0.
(2) Under Assumption 3,
lim [E*{VAINY(2p) | Nyo > 2} = VP*(2p | Nee > 2)] =0.

N*—o0

(3) Under Assumption 2,

lim [E* (VNN (2,) | Nip > 2} =V (2 | Nie = 2)]

N*—c0
s | Nec(Ne = Nec) o Nec _ .
-[=f NN 1) Nec 22} =V ([ Nee 2 2) [ (B (111.1)=F*(111.0)y7
* Ntc(Nc_Ntc) D Ntc . . 9
+[[E { N2(N,—1) N”ZQ}_\/ (Nc NthQ)]{.B (0]1,1)-p%(0]0,1)}
+2v(lx/t:’% Nt 22){/3*(1 | 1,1)=B"(1[1,0{B"(0]1,1)-B*(0]0,1)}.

Proposition 4~ (2) is new to my knowledge and surprising. Even if we do not assume ignorable
attrition, the adjusted Neyman variance estimator is unbiased for the super-population variance
of the PDE. Here is an intuitive explanation: If we regard always-reporting pairs as an alternative
super-population and apply Proposition 4™ (1) to it, we obtain Proposition 4" (2). In a nutshell,
V\dj'Neyma”(fp) corresponds to the design of pairwise randomization. On the other hand, the bias
directions of the other variance estimators are unknown.

Conclusion

Nonignorable attrition in pairwise randomized experiments has attracted less attention than it
should. This paper shows that the UDE and the PDE are biased (Propositions 1and 1°). Nonetheless,
a practical advice of this paper is simple: use the PDE rather than the UDE. The reasons are
summarized as follows:

1. The PDE can be regarded as a kind of local average treatment effect for always-reporting
pairs under a milder assumption than the UDE.

2. As compared with the UDE, the PDE is not necessarily less efficient. (Propositions 2 and 2°)

3. The adjusted Neyman variance estimator for the PDE is conservative in a finite sample and
unbiased in a super-population, which is not the case for the UDE. (Propositions 4 and 4')

Finally, the Neyman variance estimator can have either positive or negative bias for both ATE
estimators (Propositions 3 and 3') and thus is not recommended.
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