A Appendix

A.1 Proof of Theorem 3.1

First we argue that 0, £ gobs Note that

0 — ZlgignYi(I)Ri(l)Di _ ElgignYi(O)Ri(O)(l - D)
" Zlgign Ri(l)Di Z1§i§n Ri(o)(l - Dz‘)

By Lemma S.1.5 in Bai et al. (2021),

i > Yi()Ri(1)D; = E[Y;(1)Ri(1)]
1<i<n

i oo RWDi S EIR(1)],
3 Yi(0)R:(0)(1 - D) B E[Yi(0)Ri(0)]
> Ri(0)D; 5 B[R(0)] -

1<i<n

w2
1

n/2

Hence the result follows by the continuous mapping theorem. Next we argue that égmp L garor. g

begin, recall that 9P = B-'C,,, where

1

B, = T/Q Z Rﬂ(Qj—l)Rﬂ'(Qj)
1<5<n/2
1
C=2rn D Rejmn Re(z) (Yai—1) = Yr@i) (Dr(zj—1) = Drzp)
1<j<n/2

For B,,, it follows Assumptions 3.1, 3.2(a), 3.3, the fact that R;(d) € {0,1} for d € {0,1} and therefore
has finite second moments, and similar arguments to those in the proof of Lemma S.1.6 of Bai et al.

(2021) that as n — oo,

P
B, = E[E[R;(1)[X;]E[R;(0)[X;]] - 9)
Next, we turn to C,,. Note
1
Cn = w2 > (Rr@j—l)(l)Rw(zj)(0)(Yw<2j—1>(1) = Y7(25)(0)) Dr(25-1)
1<j<n/2

+ Rr2j-1)(0) Ryr25) (1) (Ya(2j) (1) = Yr(25-1)(0))(1 — DTr(Zj—l))) .
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It follows from Assumption 3.1 and @, = Q™ that
BICAX O] = 2 S (Y01 (D Retaroy D2y Bl Ri(a) (0) Xe)]
1<j<n/2
— E[Yz(25) (0) Ry (25 (0)|[ X (2) | B[R (25— 1) (D) X (25-1)]
+ E[Yr25) (1) Rr(25) ()| Xr @2 E[Rr2j-1)(0)| Xr(25-1)]
— BlYr2j 1) (0) Rraj 1) )| Xr(2j 1) | E[Rx(a) (1) Xn2)])

Next, it follows from Assumptions 2.1(a), 3.2(b), 3.1, 3.3, and similar arguments to those in the proof
of Lemma S.1.6 of Bai et al. (2021) that as n — oo,

1
- Z (E[Yﬂ'(Qj—l)(1)R7r(2j—1)(1)|X7r(2j—1)]E[R7r(2j)(0)|Xﬂ'(2j)]

n
1<j<n/2

+ ElYa(aj) () Bz (| Xn(a | BlRr(2j-1)(0) Xaag-1)]) 5 BIEY.()R (DIXER 01X (10)

and

3=

Z (E[YW(ijl)(O)Rﬂ*(ijl)(0)|X7T(2j*1)]E[R7T(2j)(1)|X7T(2j)]
1<j<n/2

+ E[Yﬂ'(Qj)(O)Rﬂ'(Qj)(0)|X7T(2j)]E[RTr(2j—l)(1)|Xﬂ'(2j—1)]) L E[EY;(0)R:(0)| X, E[R:(1)|X,] . (11)

Moreover, it can be shown using similar arguments to those in the proof of Lemma S.1.6 of Bai et al.

(2021) that

Cn— E[Colx™)| B0, (12)
and hence by combining (10)-(12) we obtain that
Cp 5 [BIYi ()R ()| X:] B[R (0)| Xi]] + E[E[Y;(0) R:(0)| X, E[R: (1)| X1]] . (13)

The conclusion then follows from (9), (13), as well as the continuous mapping theorem. W

A.2 Proof of Theorem 3.2

First we argue that 6, £ gobs. Note that

i 2azisa VDEMD; 30 <i Vi(O)Ri(0)(1 — Di)
" Zlgign Rz(l)Dl Zlgign Rl(o)(l 7Dl)
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By Lemma B.3 in Bugni et al. (2018),

% 3" YiOR((1)D; S vEY(1)Ri(1)]

1<i<n

where we note that an inspection of their proof shows that Assumption 3.4(b) is sufficient to establish

their result. Similarly,

—

IN
o

IN
3

S|—= 3= 3|~
IN
3

-

IN
S

INA
3

Hence the result follows by the continuous mapping theorem. Next we argue that 63 L g%, To that

end, write 65 as
Z1gi§n R D;Y;

Zlgign Rzng

where D; is the projection of D; on the strata indicators, i.e., D; = D; — n1(S;)/n(S;), and

nsfe
0,° =

)

n(Si) _ SIS, = 5}n1(8)

b
seS TL(S)

for

ny(s) = Z R;D;I{S; = s}, n(s)= Z R, I{S; = s} .

1<i<n 1<i<n

By Lemma B.3 in Bugni et al. (2018) and the continuous mapping theorem, we have

mi(s) _ w lacicn BiDil{Si = 5} p VE[R;(1)I{S; = s}]
n(s) R icicn Bil{Si=s}t  vER(DI{S: = s} + (1 = v) E[Ri(0)I{S; = s}]
_ vE[R;:(1)[S; = 5]
VE[R;(1)|S; = s] + (1 — v)E[R;(0)]S; = 5] ~

Similarly,

1 -
~ > RiDiYi

U ppy 5L ory VEIR(1)IS; =
n Z RiDyY; Zn Z At }RZKVE[Ri(1)|Si:8]+(1—V E[R;(0)|S; = 9]

1<i<n seS  1<i<n

1
T2, 2 RYi{si=s) (VE[R,»(I)|S,L- — S+ (0= DEROSi =5 nls)

sES 1<i<n
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Ly vBIR,()Y(1)] = S WEIR (YD I{S; = s} + (1 = ) E[R (0)Yi(0)I{S; = s}))

seS
vE[Ri(1)|S; = 5]
uE[ <>|sfs1 (1= v)E[R:(0)]S; = o]
= vE[R:(1)Y;(1)] = Y p(s)WE[R:(1)Yi(1)S; = s] + (1 = v) E[Ri(0)Y:(0)|S; = s])
sES

% VE[RZ(1)|SZ = S]
VE[R;(1)]S; = 8] + (1 — v)E[R;(0)[S; = 3]

=vE[R;(1)Y;(1)]

vE[R;(1)]Si]
vE[R;(1)|S;] + (1 — v)E[R;(0)]S;]
E[R;(1)Yi(1)|S:]E[Ri(0)|5;] — E[R;(0)Y;(0)[S;] E[R;(1)]S]
vE[R;(1)[Si] + (1 — v)E[R;(0)[S;]

- B [(EIROYDIS]+ (1 - ER O%0)]5])

:y(1_u>E[

where in the last equality we used the fact that E[R;(1)Y;(1)] = E[E[R;(1)Y;(1)]S;]]. Also note that

=Y R
n
1<i<n
:l Z RzDi l_nl(SZ)
n 4 n(S;)
1<i<n
_! R (1 M5 p,
n n(S;)
1<i<n
1
—~ Y RD, - () ZRD[{S—S}
n
1<i<n seS 1<z<n

VE[R:(1)|S; = 5]

VER(1)]S: = 5] + (1 — ) E[R:(0)]S, = 5]
vE[R;(1)]S;] }

E[R;(1)]S:i] + (1 = v)E[R;(0)]Si]

B [Ri(1)|S;]E[R;(0)|Si]
=v(l-v)E |:VE[R¢(1)51] (IV)E[Ri(O)Si]] 7

VE[R;(1)] — vE [E[Ri(msi] -

where the second equality follows from >, <i<n R;D; 7;1((;_3) = 0, which is derived as follows:

S RD "1 = Y RD, ZI{S = s} ()) 222(5)) 3" RDI{S; = s}

1<i<n 1<i<n sES seS 1<i<n
- ”1 n1(Si)
sES 1<i<n seS 1<i<n (S)
= ’”s(f))m(s) —Z’;l(;) 3 Ri{S; —S}ZI{S =k} ((k))
sES seS 1<i<n keS
_ n1(s)? RIS, = nl( )
n(s) Z Z t n(s)
seS seS 1<i<n
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o) gmls) o mas)
N S;S n(s) Z n(s) (s) n(s) 0.

seS

The conclusion then follows from the continuous mapping theorem. ®

A.3 The Limiting Distribution of 0,

Theorem A.l. Suppose Q satisfies Assumption 2.1 (as well as E[Y?(d)] < oo) and Assumption
3.2 (as well as E[Y2(d)R;(d)|X; = z] is Lipschitz for d € {0,1}), and the treatment assignment

mechanism satisfies Assumptions 3.1, 3.3 as well as

1 P
- Z 1 Xr2j—1) = Xr@pll> = 0.
1<j<n

Then, as n — o0,

where
62, = Var[¥;(1)] + Var[¥;(0)] — = E[E[Y;(1) + Y;(0)|X;]?]
and
oo Ri(d) (.., . E[Yi(d)Ri(d)]
Yi(d) = E[R;i(d)] (YZ(d) E[R;(d)] )
ford e {0,1}.

Remark A.1. Following arguments similar to those in Bai et al. (2023), we can construct a consistent

estimator of gfnp. To that end, consider the observed adjusted outcome defined as:

v R; < _iZBQQnEfﬂ%ZI%N%>

% Zl§j§2n RjI{Dj = Di} % Z1§jg2n I{Dj = Di}Rj

We then propose the following variance estimator:

1.
ﬁ?L = Az - 5/\?1 ) (14)
where
o 1 . ; 2
"=y (Yres) = Yocasn))
1<j<n
~ 2 N N ~ ~
Ai::;{ EE: <}9<4j73)“3344j72)) (y9<4j71)“Y%0M>)(l)wuﬁfs)—'l)wM472ﬂ(17wMjfl)“17ﬂ0U>)'
1<j<[n/2]

It follows from similar arguments to those used in Bai et al. (2023) that under appropriate assumptions

.2 B9
vn—>§mp. | |
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PrROOF OF THEOREM A.1. To begin, note

0 — %ZISiSZn Yi(1)R;(1)D; B % Z1§z’§2n Y;(0)R;(0)(1 — D;)
7 Li<icon Ri(1)D; ) cicon Ri(0)(1 = Dy)

Next, note by Assumption 3.1 that

Vi X YORMD - EYMRD]) = 2= 3 MOR0)D:~ EY()R(ID)

1<i<2n 1<i<2n

and similarly for the other three terms. The desired conclusion then follows from Lemma A.1 together

with an application of the delta method. In particular, for g(z,y, z,w) = , observe that

z z
y w

bo=g(~ X VOROD. - Y RMD, Y VORO0-D) - Y R(0)1- D)

1<i<2n 1<i<2n 1<i<2n 1<i<2n

and the Jacobian is
1 x 1 =z
D xT,Y,z, W) = (7a777 ) .
9( ) y y2

Note by the laws of total variance and total covariance that V in Lemma A.1 is symmetric with entries

=
w’ w?

Vit = VarlYi () Ri(1)] - 3 Var BIY; (1) Ri(1)] 1]

Viz = Cov[Vi(DR,(1), Ri(1)] - 5 Cov[EY (DR (1)1X.], BIR: (1)|,]
Vig = 5 Cov[BIYi(D R (1)|Xi], BIYi(0)Ri(0)LX,]

Via = 5 Cov[BIY; (1) Ri()| X1, B[R (0)1 1]

Vas = Var[Ri(1)] — 5 Var[E[R:(1)| X

Vas = 5 CovEIR()|Xi], IV R (011

Vas = 5 Cov[B[R:(1)| X1, EIRi(0)] 1]

Vg = Var[¥i(0)Ri(0)] — 3 Var{EIYi(0)Ri(0) X))

Vaa = Cov[Y;(0) Rs(0), Ri(0)] — 5 Cov[E[¥;(0) Rs(0)| Xi], BIR(0) Xl

Vi = VarlRy(0)] — 5 Var[B[R:(0)|X]]

The conclusion of the theorem then follows from direct calculation. m

Lemma A.1. Suppose Q satisfies Assumption 2.1 (as well as E[Y?(d)] < o) and Assumption 3.2 (as
well as E[Y?(d)R;(d)|X; = z] is Lipschitz for d € {0,1}), and the treatment assignment mechanism
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satisfies Assumptions 3.1, 3.3 as well as

2 2 e = Xy 5 0. (15)
Define
LA = = 3 (GORMD - EFOR (1D
Lat = (R:(1)D: — E[R(1]D)
L= LS (0RO - D) - BV ORO) - D)
L= = 3 (RO)(1- D))~ E[R:(0)](1- D)

Then, as n — o0,
(]LXA17 le’ L}'LAO’ Lﬁo)/ i N(O7V) I

where
V=V +V,

vioo
Vi =
0 v

1:< E[Var[Y;(1)R; (1)|X] Emw[ml)&(l),Rz-u)m)
E[Cov[Y;(1)R;(1), R;(1)|X;]] E[Var[R;(1)|X;]]
Ri(
]

o:< BVarlV(0)R:(0)| X)) B[Cov[¥i(0)R(0), z-o>|Xz-n>
b \E[Cov[Yi(0)Ri(0), R;(0)| X,]] E[Var[R,(0)| X.]]
Vs = 3 Var[(BI()R()IX1, BIR()IX, BIYO)R:(0)| X, E[R:(0)| X))

Proor oF LEMMA A.1. Note
(]LYAI ]LAI ]LYAO ]LAO) _ (]LlYf;\llJLAl ]LYAO Lﬁ%) + (L;ﬁ17LA1 L;ﬁovLQA’%) ,

n '~n y—n 1 Hn 1,n~1n » 2,mn

where
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1
LA = —= > (BEYi()R;(1)D;|X™, D™ — E[Y;(1)R;(1)]D;)
5 Vﬁi 4
1<i<2n
and similarly for the rest. Next, note (]L}iﬁl, ]Lﬁ}z, ]L}/,‘%O, ]Lf‘,%), n > 1is a triangular array of normalized
sums of random vectors. We will apply the Lindeberg central limit theorem for random vectors,
i.e., Proposition 2.27 of van der Vaart (1998), to this triangular array. Conditional on X p
(LYAL Lf}t) AL (YA Lﬁ%). Moreover, it follows from Q,, = Q?" and Assumption 3.1 that

1,n > 1n >
YA1
(Ll’n )
Al
IL‘l,n

_ & Di<ican VarlYi()R;(1)| X;]D; + D 1<ican Cov[Yi(1)Ri(1), R;(1)| Xi] D
%Zlgngn Cov[Y;(1)R;(1), Ri(1)|X:]D; %Zl§i§2n Var[R;(1)|X;]D; .

Var X p)

For the upper left component, we have

1 1 1
it Z Var[Y; (1) R;(1)| X;]D; = = E[Y2(1)R;(1)|X;]D; — = Z E[Y;(1)R;(1)|X;]?D;
n 1<i<2n n 1<i<2n 1<i<2n
(16)
Note

1 2

- ElY7(1)R;(1)|X:]D;

n 1<i<2n

_ b E[Y2()R;(1)|X:] + 1(l > ENP()R(1)|X]

2n ‘ 7 1 1 2 n A 7 1 1
1<i<2n 1<i<2n:D;=1

Loy Evorox).

1<i<2n:D;=0

It follows from the weak law of large numbers, the application of which is permitted by E[Y;?(1)] < oo
and the fact that R;(1) € {0,1}, that

o S ENVZORMIX] S EV2OR)] .

1<i<2n

On the other hand, it follows from Assumption 3.2 and 3.3 that

1 1
- BYORMIX] -~ Y EFAORO)X]
1<i<2n:D,=1 1<i<2n:D;=0
1
< n Z |E[Y7r2(2j71)(1)Aﬂ(2j—1)(1)|X7"(2j—1)] - E[Yﬁ(zj)(l)AW(%)(1)|Xﬂ(2j)]|
1<j<n
1
S -~ > I Xr@j-1) = Xl = 0p(1) .
1<j<n
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Therefore,

Meanwhile,

LS EM@R)XED;

1<i<2n

1/1

=g O FNORMXE45(L S EMOREOXE

n
1<i<2n 1<i<2n:D;=1

LY EMOROIXP)

1<i<2n:D;=0

Jensen’s inequality implies E[E[Y;(1)R;(1)|X;]?] < E[Y2(1)R;(1)] < E[Y2(1)] < o0, so it follows from

the weak law of large numbers as above that

o Y BRI S BBV RO
1<i<2n

LY BMOROXE-S S EMOROX
1<i<2n:D;=1 1<i<2n:D;=0

<= |E[Yr(2j-1) (1) Ar2j—1) (D) Xr2j-1)] — B 25) (1) Ar2j) (D[ Xr(25)]

X |E[Yr(2j—1)(1) Ar(2j—1) ()| Xr2j—1)] + E[Yr25) (1) Ar(2jy (1) Xr25)]]

1 1/2
S X 1Xneion — XeealP)

1<j<n
1 N\ 1/2
$ (3 1B Va1 () Anos 1) (D Xai-n)] + EVri (D) Ana (1)1 X051
1<G<n
1 1/2
S(ﬁ Z ||X7r(2j71)_X7r(2j)H2)
1<j<n
1 1/2
X\ = (IEYr2j-1)(1) Ar(zj—1) (D Xr2j—1)]1* + [E[Yz(2j) (1) An(zj) (D Xr2p)]?)
n
1<j<n
1 1/2 /1 1/2
S(g > ||X7r(2j71)_X7r(2j)H2> (ﬁ > E[Yi(l)Ri(lﬂxi]Q) =op(1),
1<j<n 1<i<2n

where the first inequality follows by inspection, the second follows from Assumption 3.2 and the
Cauchy-Schwarz inequality, the third follows from (a + b)? < 2a? + 2b2, the last follows by inspection

again, and the convergence in probability follows from (15). Therefore, it follows from (16) that

LS VarlVi(OR()|XAD; B EVarlyi () Ri(1)]X,]

1<i<2n
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Similar arguments imply that

LYAI

Var L) ixm pm| Byt
LAl ’ 1

1,n
Similarly,

LYAO p

Var || 2" ] |x™ DM S vY .
L%,

If E[Var]Y;(1)R;(1)|X;]] = E[Var[R;(1)|X;]] = E[Var[Y;(0)R;(0)| X;]] = E[Var[R;(0)|X;]] = 0, then it
follows from Markov’s inequality conditional on X (™ and D and the fact that probabilities are
bounded and hence uniformly integrable, that (Lya L4&L LYAC Lﬁ%) Eo. Otherwise, it follows

1,n »~ln ~1ln >

from similar arguments to those in the proof of Lemma S.1.5 of Bai et al. (2021) that

p(LLYAL LAY LYAC L0y X (™ D) N(0,Vy)) B0, (17)

1,n »~1ln ~1n > n

where £ denotes the distribution and p is any metric that metrizes weak convergence.

Next, we study (LYAT LA L LYAO Lg‘%). It follows from Q,, = Q?" and Assumption 3.1 that

2,n 12 nsH2n

Lyt 2 Ccicon DB (DR(1)|X] — EYi(1)R:(1)
L | I Srcican DiBIR(D) X~ B[Ri(1))

LY | | & Sicizon(l — DI(EY(0)Ri(0)|X] — EY:(0)Ri(0))
L3S 2 Dicicon(l = D (E[R(0)|X:] — E[R:(0))

For LYA! note it follows from Assumptions 3.1, 3.2 and (15) that

2n
" 1
Var[Ly 3! X ™)) = n > (ElYVaeij—1) (1) Ar@j—1) (D) Xn@j—1)] = E[Ya@i) (1) Ar@i) (1) Xz@)))?
1<j<n

1 ,
- > I Xr@j—1) — Xe@pl> = 0.

1<j<n

A

Therefore, it follows from Markov’s inequality conditional on X (™ and D("), and the fact that prob-

abilities are bounded and hence uniformly integrable, that

LyA! = E[LYAYX™] +op(1) .
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Similarly,

Ly4! 507 Lrcicon(BYVi(DR:(1)|X] — E[Y;(1)Ri(1)])

Ly | _ 50 Licicon(EIR{(1|X,] — E[Ri(1)]) top(l).
Ly 50 Li<icon(BIYi(0)Ri(0)|X,] — E[Y;(0)Ri(0)])

L2% 557 Lrcicon(E[R:(0)|X,] — E[Ri(0)])

It then follows from Assumption 2.1and the central limit theorem that

(]LYAI ]LAl LYAO LAO) N(O Vg) )

2,n 12 n)H2n

Because (17) holds and (L33!, L% LYA% 120) is deterministic conditional on X (™, D™ the con-

clusion of the theorem follows from Lemma S.1.3 in Bai et al. (2021). B

A.4 A Numerical Example

Let X ~ N(0,1) and € = (ey(1),ey(0),er(1),er(0)) ~ N(0,%), where the diagonal elements of ¥
are 1 and all off-diagonal elements are —0.3. Suppose for d € {0, 1},

Y (d) = pa(X) + ey (d)
R(d) = I{ex(d) < va(X)} ,

with pg(z) and vg(z) specified below. In the following two examples, the values of 6 can be calculated

eobs

by hand, and the values of and 9P are computed via simulation with n = 10® random draws.

1. ui(z) = 2z, po(z) = 23, vi(x) = 2, vy(z) = 2. In this example, § = 0, §°> =~ 1.17,
froP ~ —(.50.

2. p1(z) =2z, po(z) = =, v1(x) = x, vy(z) = z. In this example, § = 0, §°P ~ 0.56, §4°P ~ 0.86.
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A.5 Additional Details for Empirical Survey in Section 4.2

Table 3: Additional notes about each paper used in Figure 1

Paper Table Replicated Additional Notes

Dhar et al. (2022) Table 2: (1), (2) and (3) Original specification features controls. Orig-
inal estimates do not include strata fixed-
effects.

Carter et al. (2021) Figure 2: left panel (“Direct Original specification features controls. Orig-

impact on treatment group”)  inal estimates include strata fixed-effects. We
reported both “During” and “After” esti-

mates.

Casaburi  and  Reed Table 2: (1) Original specification does not feature con-
(2022) trols. Original estimate includes strata fixed-

effects.

Abebe et al. (2021) Table 2, Table 3 (Column 1) Original specification does not feature con-
trols. Original estimates include strata fixed-

effects.

Hjort et al. (2021) Online Appendix Table A.11: Original specification does not feature con-
(1) trols.  Original estimate does not include
strata fixed-effects. This is an intent-to-treat

specification.

Romero et al. (2020) Table 3: (4) Original specification does not feature con-
trols. Original estimates include pair fixed-
effects. These are intent-to-treat specifica-

tions.

Attanasio et al. (2020) Table 4: Second Column Original specification features controls. Orig-
inal estimate does not include strata fixed-
effects. The first column of Table 4 is esti-
mated using a probit regression and thus is

not reproduced.

Notes: For each paper considered in Section 4.2, we list the corresponding table/figure and specification(s) replicated

in the second column. We include relevant notes for each application in the third column.

A.6 Details for Equation (6)

Let 0~,dlr°p denote the OLS estimator of #97°P in (6) using only observations with R; = 1. By construc-

tion, the jth entry of the OLS estimator of the projection coefficient of D; on the pair fixed effects is
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given by

-1

S Hietn@-0x@) ] Y Dlfie{s@i-Dx@)} . (8)

1<i<n:R;=1 1<i<n:R;=1

Let D; denote the residual from the projection of D; on the pair fixed effects. Fix 1 < j < n. If
Rr2j—1) = Rx(2j) = 1, then it follows from (18) that

- 1
Dr2j) = 5 (Pri2j) = Dr2j-—1))

- 1
Drizj1) = 5 (Dr(2j-1) = Dri2j)) -
Next suppose the jth pair contains only one attrited unit. Without loss of generality, assume

Ry 2j—1) = 0 and R;(2; = 1. It then follows from (18) that

Dr(2j) = Dr(2j) = D25y = 0.

By an application of the Frisch-Waugh-Lovell theorem we can thus conclude that égmp = égmp, as

desired.

A.7 Relevant Excerpts from Referenced Sources

Donner and Klar (2000) chapter 3, page 40:

“A final disadvantage of the matched pair design is that the loss to follow-up of a single cluster
in a pair implies that both clusters in that pair must effectively be discarded from the trial, at least
with respect to testing the effect of intervention. This problem [...] clearly does not arise if there is

some replication of clusters within each combination of intervention and stratum.”
King et al. (2007) page 490:

“The key additional advantage of the matched pair design from our perspective is that it enables
us to protect ourselves, to a degree, from selection bias that could otherwise occur with the loss of
clusters. In particular, if we lose a cluster for a reason related to one or more of the variables we
matched on [...] then no bias would be induced for the remaining clusters. That is, whether we delete
or impute the remaining member of the pair that suffered a loss of a cluster under these circumstances,
the set of all remaining pairs in the study would still be as balanced—matched on observed background
characteristics and randomized within pairs—as the original full data set. Thus, any variable we can
measure and match on when creating pairs removes a potential for selection bias if later on we lose a
cluster due to a reason related to that variable. [...] Classical randomization, which does not match

on any variables, lacks this protective property.”
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Bruhn and McKenzie (2009) page 209:

“King et al. (2007) emphasize one additional advantage in the context of social science experiments
when the matched pairs occur at the level of a community, village, or school, which is that it provides
partial protection against political interference or drop-out. If a unit drops out of the study [...] its
pair unit can also be dropped from the study, while the set of remaining pairs will still be as balanced
as the original dataset. In contrast, in a pure randomized experiment, if even one unit drops out, it

is no longer guaranteed that the treatment and control groups are balanced, on average.”
Glennerster and Takavarasha (2013) chapter 4, page 159:

“In paired matching, for example, if we lose one of the units in the pair [...] and we include a
dummy for the stratum, essentially we have to drop the other unit in the pair from the analysis. |...]
Some evaluators have mistakenly seen this as an advantage of pairing [...] But in fact if we drop the
pair we have just introduced even more attrition bias. [...] Our suggestion is that if there is a risk of

attrition [...] use strata that have at least four units rather than pairwise randomization.”
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